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Abstract

The large-scale integration of photovoltaic systems into modern distribution networks
requires advanced forecasting and optimisation tools to address variability, uncertainty,
and increasingly complex operational conditions. This review examines 160 peer-reviewed
studies published primarily between 2018 and 2026 and provides a unified, system-level
perspective that links photovoltaic power forecasting, photovoltaic optimisation, and en-
ergy storage system management within the broader context of Smart Grid operation. The
analysis covers forecasting techniques across all temporal horizons, compares determin-
istic, stochastic, metaheuristic, and hybrid optimisation approaches, and reviews siting,
sizing, and operational strategies for both PV units and Energy Storage Systems, including
their effects on hosting capacity, reactive power control, and network flexibility. A key
contribution of this work is the consolidation of planning- and operation-oriented methods
into a coherent framework that clarifies how forecasting accuracy influences Distributed
Energy Resources optimisation and system-level performance. The review also highlights
emerging trends, such as reinforcement learning for real-time Energy Storage Systems
control, surrogate-assisted multi-objective optimisation, data-driven hosting capacity eval-
uation, and explainable AI for grid transparency, as essential enablers for flexible, resilient,
and sustainable distribution networks. Open challenges include uncertainty modelling,
real-world validation of optimisation tools, interoperability with flexibility markets, and
the development of scalable and adaptive optimisation frameworks for next-generation
smart grids.

Keywords: multi-objective optimisation; distribution network planning; smart grid
operation; photovoltaic; energy storage systems; distributed energy resources optimisation;
metaheuristic algorithms

1. Introduction
The increasing penetration of Renewable Energy Sources (RESs), particularly Photo-

voltaic (PV) systems, is profoundly transforming the operation and planning of modern
electrical distribution networks. RES technologies are essential for supporting the Energy
Transition, reducing carbon emissions, and decreasing the dependence on fossil fuels, as
widely reported in recent international assessments, including the 2024 World Energy
Outlook of the International Energy Agency [1]. Among RES technologies, PV has emerged
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as the most widely deployed in distribution systems due to its scalability, accessibility, and
rapid cost reduction. Recent reviews confirm that PV dominates hybrid renewable energy
system studies, appearing in over 95% of analysed configurations [2,3] and increasingly
in grid-connected distribution network contexts. This trend is also consistent with recent
works investigating the integration of Distributed Generation (DG) [4] and Distributed
Energy Resources (DERs) optimisation in distribution grids, including analyses on voltage
profiles, fault observability, and system flexibility [5,6].

However, integrating large amounts of PV into distribution networks presents sig-
nificant operational and planning challenges. PV generation is inherently intermittent
and highly dependent on meteorological variability, which can lead to voltage rise, re-
verse power flows, congestion, and increased uncertainty in grid operation. These issues
are amplified when PV is combined with Electric Vehicles (EVs), demand-responsive
loads, or data-driven control strategies [7–10]. Smart Grid (SG) technologies therefore
become essential, enabling real-time monitoring, forecasting, and automated control to
guarantee stability, reliability, and cost-effectiveness. In this context, several studies have
emphasised how modern automation architectures, together with enhanced monitor-
ing and protection schemes, can support PV hosting, continuity of service, and active
network management [11–13].

Optimisation tools play a central role in addressing these challenges. Mathematical
programming, metaheuristic techniques, and hybrid approaches have become increasingly
relevant for a wide range of tasks, from PV siting and sizing to operational scheduling,
Energy Storage System (ESS) coordination, and EV charging management [2,7,8]. In this
context, PV power forecasting does not represent an ancillary task, but a foundational
component of optimisation-based decision-making, supporting applications such as day-
ahead scheduling, real-time control, reserve allocation, and economic dispatch. Recent
research has also shown how optimisation and forecasting methods can be effectively
integrated within distribution-level control systems and flexibility markets, enabling new
operational paradigms [14,15].

Beyond forecasting, the optimisation of PV systems requires accurate assessment of
network hosting capacity (HC), advanced reactive power management, and coordinated
control of Smart Inverters. Similarly, ESSs are indispensable for mitigating the variability
of renewable generation and enhancing grid flexibility. Optimisation methods determine
optimal ESS sizing, placement, and charge–discharge strategies, increasingly relying on
artificial intelligence and reinforcement learning for real-time adaptability.

Emerging approaches combining PV, ESS, and EV optimisation with local flexibility
services and topology reconfiguration have been explored in recent distribution-network
studies [16–18], highlighting the need for integrated planning and operational frameworks.
A system-wide view is especially needed in contexts where grid topology, grounding
practices, continuity-of-service requirements, and fault management strongly affect PV
and ESS operational limits, topics examined in several analyses performed over time of
distribution network behaviour [19,20].

While a large body of literature has addressed PV integration, power forecasting,
and optimisation techniques separately, the increasing complexity of smart distribution
networks calls for a more integrated and system-oriented perspective. In this context,
this paper provides a comprehensive review that explicitly links PV power forecasting,
optimisation strategies, and ESSs within a unified planning and operational framework.

Specifically, the main contributions of this work are fourfold: (i) PV power forecasting
techniques are systematically classified across different temporal horizons, and their role as
enabling inputs for downstream optimisation and control tasks is critically analysed; (ii) the
themes related to integration of PV power forecasting with optimisation strategies for PV
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and ESSs are reviewed from both planning and operational perspectives, highlighting the
impact on planning and operation challenges, such as voltage regulation, HC improvement
and flexibility enhancement in active distribution networks; (iii) multi-objective optimisa-
tion frameworks and Pareto-based decision-making approaches are examined as essential
tools for managing the trade-offs among technical, economic, and reliability objectives
in distribution networks systems with high PV penetration; (iv) the paper discusses and
consolidates an integrated conceptual interpretation that connects forecasting accuracy,
optimisation paradigms, and system-level performance indicators, offering a coherent
reading of current research trends and future developments in smart distribution network
planning and operation. In doing so, the paper helps to fill an existing gap in the literature
and outlines how emerging research directions, such as reinforcement learning for ESS
control, surrogate-assisted multi-objective optimisation, data-driven HC assessment, and
next-generation AI-based grid operation, may shape the evolution of SGs toward 2030.

1.1. Literature Search and Review Methodology

The present review is based on a structured literature search aimed at capturing recent
and representative research on large-scale PV integration in smart distribution networks,
with specific attention to the interplay between PV power forecasting, optimisation strate-
gies, ESSs, and multi-objective decision-making frameworks. The literature search was
primarily conducted using major scientific databases, including IEEE Xplore, ScienceDirect
(Elsevier), MDPI, and Web of Science. The literature selection emphasises contributions
published between 2018 and 2026 to capture the most recent technological advancements
in Smart Grids, data-driven optimisation, and advanced control architectures, while not
excluding seminal earlier works that provide essential theoretical foundations. The search
process was guided by combinations of keywords such as PV power forecasting, PV integra-
tion, distribution networks, ESS optimisation, HC, smart inverters, multi-objective optimisation,
and SG operation. Only peer-reviewed journal articles and high-quality international confer-
ence papers were considered.

The main inclusion criteria were:

• Focus on distribution networks with significant PV penetration;
• Explicit consideration of optimisation formulations for planning and/or operation;
• Inclusion of ESSs, PV inverter control, or flexibility resources;
• Relevance to SG operation, active network management, or advanced planning frameworks.

Studies dealing exclusively with transmission systems, purely component-level analy-
ses, or non-optimised PV applications were excluded. Following this process, 160 studies
were selected and analysed. Although overlaps among research themes exist, the reviewed
literature can be broadly grouped into four main categories:

(i) PV power forecasting methods across different temporal horizons;
(ii) Optimisation techniques for PV siting, sizing, and operational integration;
(iii) ESS optimisation and coordination with renewable generation;
(iv) Multi-objective and surrogate-assisted optimisation frameworks for smart distribu-

tion networks.

The selected studies are relatively evenly distributed across the four categories, with a
slight prevalence of works on forecasting and operational optimisation in recent years.

This methodological approach ensures transparency of the review process and sup-
ports the system-level interpretation adopted throughout the paper. It is worth noting
that this review does not aim to be a fully systematic or exhaustive survey, but rather a
structured and interpretative review focused on capturing representative and influential
contributions relevant to the adopted system-level perspective.
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1.2. Positioning with Respect to Existing Reviews and Contribution of This Work

Several recent review papers have addressed individual aspects of PV integration
in power systems, including PV power forecasting techniques, optimisation methods
for distributed generation placement, ESS sizing and scheduling, and HC assessment.
For instance, recent reviews have focused on PV HC and optimisation in distribution net-
works [21,22], on PV–ESS planning and sizing strategies [23,24], or on PV power forecasting
techniques for distribution system operation [25,26]. These works have provided valuable
insights into specific methodological domains, such as metaheuristic optimisation for SGs,
PV forecasting models, or hybrid RES design. However, most existing reviews tend to treat
forecasting, optimisation, and ESSs as largely independent research streams, or focus on a
single application layer (planning or operation). As a result, the strong interdependencies
among prediction accuracy, optimisation paradigms, and operational flexibility are often
discussed only implicitly.

The distinctive contribution of the present review lies in its integrated, system-level
perspective, which explicitly links:

• PV power forecasting across multiple time horizons,
• Optimisation strategies for both planning and operation,
• ESS coordination and flexibility provision,
• and multi-objective decision-making frameworks, within a unified planning–operation

continuum for smart distribution networks.

By consolidating these elements into a coherent analytical framework, the paper goes
beyond a thematic classification of the literature and provides an interpretative reading of
how forecasting accuracy propagates through optimisation layers and ultimately affects
system-level performance indicators such as HC, voltage regulation, curtailment, and
operational resilience. This perspective is particularly relevant in the context of next-
generation SGs, where planning and operation are increasingly intertwined and supported
by data-driven and adaptive control architectures.

Taken together, the reviewed studies reveal both convergence and fragmentation
within literature. On the one hand, there is broad consensus that accurate PV power
forecasting, particularly at short-term horizons, and coordinated ESS operation are essential
enablers for effective optimisation in active distribution networks. On the other hand,
significant divergence remains regarding the most suitable optimisation architectures, the
treatment of uncertainty and degradation effects, and the scalability of advanced AI-based
approaches beyond simulation-based case studies. This duality highlights the need for
integrated and system-level interpretations, which this review aims to provide.

The paper is structured as follows: Section 2 presents PV power forecasting tech-
niques and concludes with a system-level discussion on the cross-time-scale coordination
of forecasting, optimisation, and energy storage; Section 3 describes the principal opti-
misation methods applied to PV systems, while Section 4 investigates the optimisation
approaches adopted for ESSs in distribution networks. Since traditional single-objective
optimisation methods often fail to capture the multiple and sometimes conflicting goals
inherent in real-world distribution systems, Section 5 discusses the main Multi-Objective
Optimisation (MOO) algorithms. The final Section provides conclusions and outlines future
research perspectives.
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2. PV Power Forecasting as a Tool for Optimisation
2.1. Role of PV Forecasting in Modern SGs

The increasing integration of PV systems into modern distribution networks is pro-
foundly transforming the way electrical systems are managed and optimised, introducing
new challenges for grid stability at both local and national levels [27,28].

Unlike conventional generation sources, which can be dispatched and controlled as
needed, PV production depends heavily on meteorological conditions, such as solar irradi-
ance, cloud cover, and temperature, which may vary rapidly across time and space [29].
This inherently variable and weather-driven nature introduces considerable uncertainty
into power system behaviour, influencing the real-time balance between supply and de-
mand at multiple scales.

As the share of solar energy injected into the grid continues to rise, maintaining stable
voltage levels, allocating operating reserves, and coordinating DERs efficiently become
increasingly complex. The widespread deployment of distributed PV systems significantly
affects power flows in distribution networks. High PV penetration can lead to reverse
power flows in traditionally radial feeders, as well as localised issues such as congestion or
voltage rise, particularly in low-voltage networks where HC is limited [30,31]. These effects
become even more relevant in active network configurations equipped with smart meters
and monitoring systems, where accurate data acquisition enables enhanced visibility of
grid states [5].

SGs offer an effective technological and operational response to these challenges.
Through the deployment of advanced sensors, enhanced communication infrastructures,
real-time monitoring, and automated control systems, SGs increase grid flexibility, improve
resilience, and enable more efficient management of DERs.

Within this evolving infrastructure, PV systems assume an active and dynamic
role, whose behaviour must be accurately predicted and effectively managed to avoid
inefficiencies, instability, and unnecessary activation of reserves. Deviations between
expected and actual PV output can lead to imbalances and operational issues that
propagate across the electricity network, affecting technical stability, market efficiency,
and even environmental performance. Conversely, accurate PV production forecasts
enable system operators to anticipate fluctuations, improving scheduling, economic
dispatch, and the coordination of DERs [25,26,32,33].

A particularly illustrative demonstration of the operational value of forecasting is
provided by Albogamy et al. [34], who proposed a day-ahead optimisation framework
integrating PV power forecasting, demand response, and microgrid energy management.
Their results clearly highlight the benefits of embedding forecasting in intelligent microgrid
control strategies: energy costs were reduced by 55%, carbon emissions by 45%, and the
Peak-to-Average Ratio improved by 42%, substantially enhancing system stability and
operational efficiency. The comparison between scenarios is explicit: without effective
microgrid coordination, the benefits remain limited, whereas adopting a forecast-based con-
trol strategy significantly improves economic, environmental, and technical performance.
These findings confirm that the combined integration of PV forecasting, demand response,
and microgrid control represents a highly promising pathway for reducing operational
costs, accelerating the energy transition, and strengthening the resilience of future SGs.
Therefore, the rapid growth of PV generation and its increasingly significant impact on SG
management require the capability to accurately predict the behaviour of these inherently
variable systems. Forecasting thus becomes a central element of modern grid optimisation
strategies. When properly integrated with operational planning and control, forecasting
supports the development of a more efficient, stable, and sustainable electrical system.
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Forecasts also underpin advanced SG functionalities, including demand response
scheduling, dynamic pricing, and predictive grid control. In this context, ESSs play a
complementary and increasingly strategic role. When coordinated with accurate forecasts
and real-time control strategies, ESSs can absorb excess PV generation, mitigate peak injec-
tions, provide frequency regulation services, and enhance overall system flexibility. The
synergistic integration of forecasting, storage, and automated control effectively transforms
PV generation from an intermittent and uncertain resource into a predictable and optimiz-
able component of the power system. This combined approach enables higher renewable
penetration levels without compromising operational reliability or power quality [35].

2.2. Forecasting Horizons and Their Operational Significance

The practical usefulness of PV forecasts depends strongly on the time horizon consid-
ered, as short-, medium-, and long-term predictions lead to very different operational and
planning decisions. A widely accepted taxonomy identifies four main categories of fore-
casting horizons, very short-term, short-term, medium-term, and long-term, as discussed
in recent SG-oriented reviews [36].

Each horizon enables specific optimisation-oriented actions:

• Very Short-Term Forecasting (VSTF)

VSTF predicts PV power output from a few minutes up to approximately one hour
ahead [32]. This horizon is primarily used in SG operation and real-time power system
management [37]. Grid operators rely on very short-term forecasts to schedule output
power, regulate frequency, coordinate demand response, and optimise reserve capacity.
They are equally relevant for real-time energy trading, dynamic pricing, system stability
assessment, dispatch scheduling, and the management of PV-coupled storage systems.
Since PV output can fluctuate rapidly due to changing weather conditions, VSTF is crit-
ical for mitigating the unpredictable, high-frequency variability of solar generation, an
aspect widely discussed in the context of enhanced local grid visibility, state awareness
and control [37–39].

• Short-Term Forecasting (STF)

STF covers time horizons ranging from several minutes to a few days. These fore-
casts provide the foresight needed for reliable unit commitment, generation scheduling,
and real-time dispatch. Accurate STF improves grid security, supports economic load
dispatch decisions in electricity markets, and is particularly crucial for the operation of
grid-connected solar microgrids. By offering an authoritative view of near-future PV pro-
duction, STF enhances operational efficiency and strengthens the control and management
of renewable-rich power systems.

• Medium-Term Forecasting (MTF)

MTF predicts PV power generation from several days up to a few weeks ahead. This
forecasting horizon is important for planning maintenance schedules of PV plants and
associated equipment, such as transformers, in order to minimise operational losses. MTF
is also essential for asset optimisation, generation unit control, scheduling, power system
planning, and risk management. Because it accounts for expected future production,
medium-term forecasting is particularly useful for scheduling maintenance activities in
PV-integrated power systems.

• Long-Term Forecasting (LTF)

LTF encompasses horizons from several weeks up to one year ahead. These forecasts
support long-term strategic planning and ensure the optimal operation of PV systems
over extended periods [32]. System operators use LTF to improve the management of
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transmission, operational, and distribution capacities. LTF also enables optimal decisions
regarding the siting, sizing, and configuration of PV plants and associated storage assets.
This class of forecasting is fundamental for long-term power system planning activities by
utilities, developers, and other stakeholders, including the design of production portfolios
and long-horizon transmission and distribution expansion.

Therefore, each forecasting horizon plays a distinct and well-defined role within SG
operation, as different temporal scales enable different optimisation actions and control
strategies. Table 1 illustrates how each forecasting horizon enables specific functions within
SG operation, highlighting the strong interdependence between prediction accuracy and
optimisation performance.

Table 1. Summary of forecasting horizons, their main applications in SG operation, and the corre-
sponding optimisation tasks they enable.

Forecasting
Horizon Time Range Main Applications

in Grid Operation Optimisation Tasks Enabled

VSTF Minutes → 1 h

Real-time control; inverter reactive
power management; On-Load Tap

Changers (OLTCs) tap actions;
protective relays coordination; primary

frequency support.

- Fast ESS charge/discharge control
- Real-time Optimal Power Flow (OPF)
- Predictive voltage regulation
- Fast DR activation

STF Hours → Few days
Day-ahead scheduling; intra-day

dispatch; microgrid energy
management; short-term balancing

- Unit Commitment (UC)
- Economic Dispatch (ED)
- Optimal reserve sizing
- Market bidding strategies
- ESS arbitrage optimisation
- EV charging scheduling

MTF Days → Weeks
Maintenance planning; asset

management; seasonal operational
adjustments.

- Preventive maintenance scheduling
- Medium-term hybrid system

optimisation
- Fuel consumption planning

LTF Weeks → Years
Network planning; PV/ESS siting and

sizing; capacity expansion; policy
evaluation.

- HC evaluation
- Expansion planning
- DER investment optimisation
- Long-term economic analyses

Short-term forecasting emerges as the pivotal layer that links PV variability with
operational optimisation.

2.3. Classification of PV Forecasting Approaches

Beyond forecasting horizons, several forecasting approaches have been explored in the
recent literature. In general, forecasting approaches can be grouped into five main categories:

• Physical Models: These rely on meteorological and atmospheric data to estimate
PV power output. They are particularly suitable for medium- to long-term fore-
casting horizons but require detailed climatic information and can be complex
to implement [38].

• Statistical Models: These approaches use historical production data to extrapolate
future PV generation. Time-series models, such as autoregressive or ARIMA-based
techniques, are simple and computationally efficient but often struggle in highly
variable or nonlinear conditions [40,41].

• Machine Learning and Deep Learning Methods: AI-based techniques, including neu-
ral networks (e.g., Long Short-Term Memory (LSTM), Recurrent Neural Network
(RNN), Convolutional Neural Network (CNN)), Support Vector Machine, and en-
semble learning, have demonstrated superior predictive performance, especially for
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short-term and highly volatile operating conditions. Hybrid approaches that combine
multiple AI architectures or incorporate physical/statistical inputs further enhance
prediction accuracy [42–52].

These data-driven methods are particularly effective in SG environments characterised
by large volumes of heterogeneous data (e.g., smart meters, local measurements), a research
direction aligned with recent advances in data-centric grid management and event-based
forecasting in distribution networks [14].

• Ensemble and Hybrid Methods: These approaches integrate multiple forecast-
ing models, such as combining neural networks with optimisation algorithms
or blending physical and statistical models, to improve robustness and overall
forecasting accuracy [39,43,44,49–51,53,54].

• Probabilistic Forecasting: Probabilistic forecasting generates forecasts in the form
of prediction intervals or full probability distributions rather than single point esti-
mates [55,56]. These models explicitly represent forecast uncertainty and variability,
capturing the range of plausible PV power outcomes associated with meteorological
uncertainty and model imperfections. Probabilistic outputs are typically expressed
through quantiles, confidence intervals, or probability density functions, and may be
produced using statistical, machine-learning-based, or hybrid approaches [38].

Compared to physics-based approaches, data-driven models are more suitable for
real-time operational contexts, although at the cost of reduced interpretability. Machine
learning and deep learning techniques are specifically suited for STF horizons and quickly
changing operational circumstances because they can capture nonlinear correlations and
complicated interactions between meteorological variables and PV production.

On the other hand, physics-based models provide a clearer picture of the physical
processes at play and are generally more resilient when extrapolating past data, which is
particularly important for medium- to long-term evaluations. To improve generalisation
performance while partially maintaining model interpretability, hybrid and ensemble tech-
niques combine physiologically meaningful inputs with data-driven learning capabilities.
By clearly expressing uncertainty, probabilistic forecasting in this context goes beyond
both paradigms and allows for a consistent handling of model faults and variability across
various forecasting techniques.

2.4. Recent Advances and Trends in PV Forecasting

Recent literature highlights several research directions:

• Deep Learning Innovations: Advanced neural architectures such as LSTM–RNN hy-
brids, LSTM–TCN (Temporal Convolutional Networks), and Graph Neural Networks
(GNNs) have shown significant improvements in prediction accuracy by effectively
capturing complex temporal and spatial dependencies in PV generation data [57].

• Spatio-Temporal Modelling: Increasing attention is being given to models that jointly
analyse geographical and temporal variations, using, for example, GNNs or regional
clustering techniques, which are particularly valuable for forecasting in distributed
and spatially dispersed SG environments [58].

• Domain Adaptation and Transfer Learning: Recent approaches enable forecasting
models trained on one site or region to be effectively adapted to other locations. This
capability is especially advantageous when data availability is limited or when flexible,
generalisable models are required [59].

• Explainable AI (XAI): There is growing interest in developing more interpretable
AI-based forecasting tools to support operator trust and operational transparency,
although this field is still in an early stage within PV forecasting research [57–61].
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Following this taxonomy, the comprehensive review conducted by Kaur et al. [62]
provides an authoritative synthesis of the main forecasting families applied within SG envi-
ronments. The authors systematically compare statistical, machine learning, deep learning,
hybrid, and probabilistic approaches, outlining the principal strengths and limitations of
each category. Their analysis confirms that deep learning models generally achieve the
highest accuracy for short-term horizons, whereas probabilistic and probabilistic deep
learning approaches offer superior uncertainty quantification, an essential requirement for
modern SG operation. This evidence highlights the importance of selecting forecasting
models that balance accuracy, robustness, and uncertainty awareness.

To support a decision-oriented interpretation of PV power forecasting in SGs,
Figure 1 presents a conceptual framework that relates forecasting horizons and uncer-
tainty modelling to the corresponding planning and operational optimisation tasks.

Figure 1. Conceptual classification of PV power forecasting approaches in SGs, highlighting the
relationship between forecasting horizons, uncertainty representation, and downstream optimisation
and control tasks.

Complementing the conceptual perspective of Figure 1, Table 2 summarises the main
PV power forecasting approaches by outlining their methodological foundations, strengths,
limitations, and typical SG applications, thereby supporting a method-level interpretation
of forecasting choices.

Table 2. Descriptive overview of PV power forecasting approaches for SG applications, including
their methodological foundations, advantages and limitations, and representative use cases.

Approach Description Strengths Limitations Typical Use

Physical
Models

Based on Numerical
Weather Prediction

(NWP), solar geometry,
clear-sky models

Physically consistent;
scalable to any location

High computational
burden; reliant on

accurate weather data

Medium/Long-term
forecasting

Statistical
Models

ARIMA, exponential
smoothing, state-space

Fast, interpretable, low
data requirements

Limited under high
variability; linear

assumptions

Short-term under stable
weather conditions
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Table 2. Cont.

Approach Description Strengths Limitations Typical Use

Machine
Learning

Artificial Neural
Network (ANN),
Support Vector

Regression (SVR),
Random Forest and
Gradient Boosting

Machine

Captures nonlinear
dynamics; handles
multi-source data

Risk of overfitting; needs
large datasets

Short-term operational
forecasting

Deep Learning LSTM, CNN, TCN, GNN,
Transformers

Best accuracy; captures
temporal–spatial

dependencies

High computational cost;
less interpretable

Very short- and
short-term forecasting;
multi-site prediction

Hybrid Models Physical + ML/DL,
ensemble systems

Robust; combines
complementary strengths

Complex design; higher
implementation effort

All horizons forecasting,
high-stability
applications

Probabilistic
Models

Bayesian DL, quantile
methods, ensembles

Provides uncertainty;
essential for risk-aware

optimisation

Requires scenario
generation; heavier

computation

Risk-aware optimisation
tasks such as reserve

sizing, market bidding,
ESS optimisation

Building upon this conceptual comparison, Table 3 provides a performance-oriented
overview of representative PV forecasting models. Accuracy ranges are indicative and
depend on data availability, forecasting horizon, site characteristics, and evaluation method-
ology adopted in the referenced studies.

Table 3. Performance-oriented overview of representative PV power forecasting models, summarising
typical input data requirements, indicative accuracy metrics (Root Mean Square Error (RMSE) for
deterministic models and Continuous Ranked Probability Score (CRPS) for probabilistic ones) ranges
reported in the literature, and their suitability across different forecasting horizons.

Model Type Time
Horizon Input Features Key References Accuracy/Metric

Physical
Models

Short-, Medium- to
Long-term

NWP
Solar irradiance

Temperature
Panel parameters

[38]
RMSE ≈ 10–15%

stable under clear-sky
conditions

Statistical
Models

Short- to
Medium-term

Historical PV output
past weather data [26,40,41]

RMSE ≈ 8–12%
limited under variable

weather

Machine
Learning

Very short- to
Short-term

Historical PV power
Meteorological data

Temporal data
[25,32,36]

RMSE ≈ 5–8%
adaptable to nonlinear

patterns

Deep
Learning

Very-short to
Short-term

PV data
Irradiance

Temperature
Sky images

[42–46,48]
RMSE ≈ 3–6%

high robustness with
LSTM/CNN

Hybrid
Models

Short- to
Medium-term

Physical
+ AI-based inputs [39,53,54] RMSE ≈ 2–5%

improved robustness

Probabilistic
Forecasting

Short- to
Long-term

PV data
Uncertainty measures

Ensemble outputs
[39,55,56]

CRPS
reliability metrics

uncertainty
quantification

Spatio-Temporal Short-term Multi-site PV data
Spatial correlations [51,52] RMSE ≈ 3–5%

scalable across regions
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2.5. Challenges and Emerging Solutions

Despite their excellent performance, AI-based models face several challenges.
One of the most common issues is overfitting, which occurs when a model conforms

too closely to its training data, capturing noise or irrelevant patterns rather than generalis-
able trends. This problem becomes particularly evident when only small or site-specific
datasets are available, for example, when modelling the behaviour of a single PV plant.

Another critical challenge concerns model transparency. Many advanced AI archi-
tectures, especially deep learning and hybrid models, operate as black boxes: they can
deliver highly accurate predictions but provide little insight into the reasoning behind
their outputs. This lack of interpretability can undermine operator confidence, particularly
for grid operators and regulatory authorities who must rely on traceable and trustworthy
decision-support systems, especially in safety-critical contexts.

A further limitation relates to computational requirements. Training and updating
models such as LSTMs, CNN–LSTM hybrids, or spatio-temporal neural networks de-
mand substantial computing resources. The challenge becomes even more significant
in real-time applications, where forecasts must be generated continuously using data
streams from thousands of distributed sensors. Such constraints limit the deployment
of these models on resource-constrained devices or in environments lacking powerful
computational infrastructure.

To address these issues, recent research is moving toward lightweight and distributed
solutions, such as federated learning and edge-AI approaches. These paradigms enable
models to be trained directly on local devices without requiring data centralisation, thereby
reducing communication overhead, improving response times, and enhancing privacy.
In parallel, advances in XAI aim to make forecasting models more interpretable and
trustworthy by providing clear indicators, feature contributions, and decision rationales.

Collectively, these developments are paving the way for a new generation of PV
forecasting models, systems that are not only more accurate but also more transparent,
adaptable, and easier to integrate into the SGs of the future.

2.6. Implications for Optimisation and Grid Planning

Integrating PV production forecasts into grid optimisation and planning is no longer
optional; it has become a fundamental requirement for enhancing the efficiency and re-
silience of modern electricity systems [63]. PV generation forecasts provide essential
inputs for decision-making tools such as OPF, UC, and ED. In practice, they make it pos-
sible to anticipate fluctuations in renewable generation and to plan resource utilisation
more effectively.

Moreover, improved forecasting accuracy can reduce operating costs, lower reserve
requirements, and enhance voltage and frequency regulation. These advantages are partic-
ularly relevant in distribution networks with high levels of distributed generation, where
system balancing is more complex.

Forecasting also plays a central role in long-term planning. It supports grid rein-
forcement strategies, informs investment decisions, and assists in the optimal deployment
of storage systems and flexible loads [38,64]. Forecast-driven scenario analyses enable
planners to assess future conditions, such as demand growth, policy evolution, or climate-
related variability, and to design appropriate mitigation strategies.

Several studies emphasise that integrating forecasting with optimisation signifi-
cantly enhances hosted renewable capacity, improves fault observability, and enables
more efficient real-time control in distribution networks, aligning with recent find-
ings on improved grid resilience through enhanced measurement-based planning and
operational decision-making [54].
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PV forecasts further support the optimisation of demand response and dynamic
network reconfiguration. They facilitate the coordinated operation of decentralised PV
systems, ESSs, and flexible electrification loads. These capabilities align with mod-
ern approaches to fault-aware and resilience-oriented operation in medium-voltage
distribution systems [65].

This synergy between forecasting and optimisation is poised to become a cornerstone
of future electricity systems, smarter, more reliable, and substantially more sustainable.

2.7. Cross-Time-Scale Coordination of Forecasting, Optimisation, and Energy Storage in Smart
Distribution Networks

Coordination systems that explicitly take into consideration several temporal decision
layers, from real-time control actions to long-term planning processes, are necessary due
to the growing penetration of PV generation in distribution networks. ESSs, PV power
forecasts, and optimisation should not be viewed as separate instruments in this context.
Instead, they need to be seen as closely related parts of a single decision-support system
that functions on many time scales. This subsection’s discussion of the cross-time-scale
perspective offers a conceptual link between PV forecasting and the optimisation techniques
examined in the subsequent parts. It makes it clear how planning and operational choices
can be logically matched inside smart distribution networks by explicitly connecting
forecasting horizons, ESS flexibility, and optimisation goals. The shift from static and
conservative planning paradigms to adaptive, data-driven planning–operation cycles is
supported by this unified interpretation. Improved HC, increased system resilience, and
more effective overall network performance are made possible by the constant interaction
of forecasting, optimisation, and control within such frameworks.

2.7.1. Cross-Time-Scale Coupling and Functional Roles

As discussed in Section 2 and synthesised in Table 1 and Figure 1, PV power fore-
casting provides information at multiple temporal horizons, very short-term, short-term,
medium-term, and long-term, each enabling distinct classes of optimisation and control
actions. From a system-level perspective, storage devices act as temporal buffers that
translate forecast information into actionable flexibility, allowing short-term operational
corrections without violating long-term planning constraints. As a result, ESSs represent
the main physical and operational interface between forecasting accuracy and optimisation
effectiveness across time horizons.

2.7.2. Interface Between Planning and Operation Layers

The interface between planning and operational layers can be interpreted as an ex-
change of constraints, flexibility margins, and performance indicators. Planning-oriented
optimisation defines admissible operating regions, including voltage limits, thermal con-
straints, HC thresholds, and ESS capacity envelopes. Operational optimisation then exploits
short-term forecasts and real-time measurements to optimally operate PV inverters, ESSs,
and other controllable assets within these predefined boundaries.

In this framework, forecasting accuracy directly affects the tightness of operational
margins. Conservative planning assumptions based on poor or uncertain forecasts typically
lead to reduced HC and increased curtailment. Conversely, improved forecasting accuracy
enables planners to define less conservative operating envelopes, thereby allowing opera-
tional layers to exploit a larger portion of available network flexibility while maintaining
reliability and safety.
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2.7.3. Illustrative Coordination Scenario

To illustrate the unified perspective, consider a distribution feeder with high PV pene-
tration and a centrally coordinated ESS. Day-ahead and intra-day PV forecasts indicate a
high probability of peak PV generation during midday hours. At the planning–operation
interface, this information activates operational strategies prioritising ESS charging and
reactive power support from smart inverters to mitigate expected over-voltage conditions.
As real-time measurements become available, VSTF refines the expected PV output trajec-
tory. If actual generation exceeds forecasts, real-time optimisation reallocates ESS capacity
and inverter reactive power to maintain voltage within limits, postponing or reducing
active power curtailment. Conversely, if forecast errors are large and persistent, curtailment
strategies may be triggered earlier to preserve system security.

In this scenario, the response priority among available tools, ESS dispatch, inverter
control, and curtailment, is dynamically coordinated based on forecast reliability, demon-
strating how prediction accuracy propagates through optimisation layers and affects
operational decisions.

2.7.4. Impact of Forecast Accuracy on System-Level Performance

Improved forecasting accuracy has been widely recognised as a key factor in achieving
measurable system-level benefits, which can be quantitatively assessed by linking forecast
error metrics to downstream technical and economic performance indicators [66]. In the
literature, this impact is typically verified through scenario-based or sensitivity analyses,
where different levels of forecasting accuracy are imposed and the resulting system per-
formance indicators are explicitly compared [66–69]. In this framework, forecasting errors
are systematically varied, and their effects on operational metrics, such as curtailment
rates, reserve activation, voltage violations, or operating costs, are quantified, enabling a
direct cause–effect assessment between prediction accuracy and system performance. De-
terministic accuracy measures such as RMSE, normalised RMSE, Mean Absolute Error, and
forecast bias are commonly used to evaluate prediction quality and are directly associated
with operational outcomes including PV power curtailment levels, network losses, reserve
requirements, and voltage deviation or violation indices. In active distribution networks
equipped with ESSs and smart inverter controls, reduced forecast errors also enable more
effective utilisation of available flexibility, for example, by limiting excessive state-of-charge
excursions and saturation events in ESS operation [67]. In parallel, probabilistic forecast-
ing metrics, such as prediction interval coverage and CRPS, are increasingly adopted to
support risk-aware operational decisions, with measurable impacts on reserve activation,
congestion management, and system security margins [68]. While the magnitude of these
improvements depends on network characteristics and control architectures, even moder-
ate gains in forecast accuracy can translate into non-negligible operational and economic
benefits [69]. From a system-level standpoint, this confirms that forecasting accuracy is not
merely a prediction-quality metric, but a key enabler of effective optimisation strategies
and flexibility utilisation across multiple time scales.

In addition to scenario-based analyses, recent empirical evidence has also quantified
the sensitivity of system-level performance indicators to renewable generation variability,
which forecast accuracy aims to anticipate. For example, a statistical analysis conducted
on the Spanish power system showed a strong positive correlation (r = 0.82) between
wind and solar generation variability and spinning reserve requirements, with a coeffi-
cient of determination R2 = 0.76, indicating that approximately 76% of the variation in
reserve demand can be explained by fluctuations in renewable generation [70]. This result
provides quantitative validation of the fact that better representation and prediction of re-
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newable energy variability can directly translate into more accurate reserve sizing, reduced
overprovisioning of ancillary services, and greater operational efficiency.

3. Optimisation Strategies for PV Integration in SGs
Optimisation approaches applied to PV integration problems can be broadly grouped

into classical mathematical programming techniques, metaheuristic methods, and learning-
based approaches. While mathematical programming formulations are often preferred for
planning and scheduling problems with well-defined constraints, metaheuristic and data-
driven methods have gained increasing relevance in complex, nonlinear, and large-scale
optimisation settings typical of modern smart distribution networks.

Building on the forecasting foundations discussed in Section 2, Section 3 examines the
main optimisation techniques used to integrate PV generators into distribution networks,
addressing both planning and operational challenges. The following subsections discuss
the principal methods and applications within these two domains, while Figure 2 provides
an application-oriented overview of the main optimisation method families adopted for
PV integration.

Figure 2. Application-oriented overview of the main optimisation method families adopted for PV
integration in distribution networks. The hierarchical classification of classical (blue), metaheuristic
(orange), and learning-based (green) approaches is highlighted, supporting both planning and
operational PV integration problems, and underlining their role across planning and operational
contexts with their relevance to key PV-related optimisation problems.

3.1. Planning-Oriented Optimisation for PV Integration

Optimal PV integration is a critical planning problem that focuses on determining the
best location and capacity (sizing) of PV units to maximise system-level benefits [71–74].
Planning typically aims to balance technical, financial, and environmental objectives [71].
Common goals include minimising power losses, managing investment costs, and reducing
CO2 emissions [71,75,76]. Recent studies have also emphasised how PV siting and sizing
must be coordinated with distribution network topology and automation strategies, an
aspect explored for MV systems in several works on protection and network operation.
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From a quantitative perspective, representative studies on PV siting and sizing op-
timisation in distribution feeders report active power loss reductions, often in the range
of approximately 15–40% [77–79], with case studies reporting higher reductions [80]. HC
increases typically range from 10% to 60%, though these metrics vary significantly de-
pending on feeder topology, load patterns, voltage constraints, and adopted optimisation
formulation [81,82]. These variations reflect the complexity of DER integration, where
network-specific characteristics substantially influence technical outcomes.

In rural electrification contexts, the optimal system configuration and unit sizing
problem involves selecting appropriate energy resources and establishing component rat-
ings to achieve maximum efficiency, particularly when intermittent renewable sources are
involved [83]. Given the complexity of simultaneously determining optimal allocation and
sizing, metaheuristic algorithms are widely employed for this class of problems [84–87]. For
example, Evolutionary Programming techniques have been used for the optimal placement
of Renewable Distributed Generators [75]. Analytical approaches are also applied to sizing
optimisation, such as in systems combining solar PV and battery banks [84].

3.2. HC and Technical Constraints for PV Sizing

The sizing of PV generators in distribution networks is a critical element of the tran-
sition toward decentralised and renewable-based power systems. Proper dimensioning
ensures both the maximisation of energy production and the preservation of network relia-
bility, voltage quality, and operational safety. In modern distribution grids, characterised by
high-RES penetration, bidirectional power flows, and increasing electrification, PV sizing
must account for local grid constraints as well as regulatory requirements [86].

The concept of HC represents the maximum amount of DG, particularly PV units,
that can be connected to an electrical distribution network without violating operational
limits such as voltage rise, thermal overload, protection coordination, or power quality
requirements. It serves as a key indicator of how much RES/PV a grid can accommodate
while preserving safety and reliability. HC assessment depends on network configuration,
load profiles, inverter control strategies, and operational and environmental conditions.
The combined effect of planning measures and operational control strategies on HC can be
conceptually interpreted as a constraint-relief mechanism. Figure 3 illustrates how active
network management enables higher levels of DG penetration by shifting the intersection
with the same operational limit, without altering the constraint itself.

Figure 3. Conceptual illustration of HC enhancement in distribution networks. The original (continuous
blue line) and enhanced constraint curves (dashed blue line) are compared against the same operational
limit (Index Limit). HC improvement is represented by a horizontal shift in the constraint intersection
point, indicating increased allowable DG penetration enabled by planning and operational measures.
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Several analytical and simulation-based methods have been proposed for HC esti-
mation, including deterministic, probabilistic, and optimisation-based approaches. In
deterministic HC evaluation, the grid is analysed under worst-case load and generation
scenarios to verify compliance with voltage and current limits [87].

Probabilistic methods, on the other hand, incorporate uncertainties in PV generation
and demand, often using Monte Carlo simulations or stochastic optimisation [88,89]. Re-
cent research increasingly incorporates machine learning and data-driven techniques for
dynamic HC estimation, leveraging real-time network measurements to support opera-
tional decision-making [7]. As grids evolve toward more active and flexible operation, HC
becomes a dynamic indicator of network adaptability, making advanced HC assessment
essential for DSOs in planning and operational contexts.

3.3. Technical and Regulatory Factors Affecting PV Sizing

From a technical standpoint, the optimal sizing of PV generators depends on pa-
rameters such as irradiance, load profiles, feeder topology, voltage constraints, and HC
values [87]. Excessive PV capacity may lead to adverse impacts, including voltage rise,
reverse power flows, and issues in protection coordination, particularly in low-voltage
feeders with limited reactive power support. Accordingly, optimisation methods such as
Mixed-Integer Linear Programming (MILP), heuristic algorithms, and probabilistic analy-
ses are widely applied to determine maximum PV penetration while ensuring compliance
with operational constraints [3,90–92].

From a regulatory perspective, many national frameworks impose principles of non-
discriminatory grid access and technical neutrality, requiring Distribution System Operators
(DSOs) to accommodate all qualified renewable producers on equal terms. As a result, PV
sizing must address not only technical feasibility but also regulatory compliance, including
transparent connection procedures, defined timelines, and non-discriminatory treatment of
applicants (producers and consumers).

The interplay between technical and regulatory requirements implies that PV sizing
cannot occur in isolation from broader network planning. DSOs are required to evaluate
connection requests based on the available network capacity and provide standardised
procedures and timelines for applicants. The coexistence of technical and regulatory
requirements implies that PV sizing cannot be performed in isolation from broader network
planning activities. DSOs must coordinate with system operators to define connection limits,
reinforcement plans, and voltage control strategies. Furthermore, emerging regulatory
frameworks promoting flexibility markets and active network management encourage PV
systems to operate dynamically within grid constraints, potentially adjusting their active
or reactive power setpoints in real time [93].

3.4. Operational Optimisation: Voltage Control and Curtailment Management

From an operational standpoint, the growing penetration of PV systems complicates
voltage regulation along distribution feeders. Bidirectional flows resulting from high PV
generation may induce over-voltage conditions [94,95]. Smart inverters play a fundamen-
tal role in addressing these issues through reactive power control (Volt/Var), defined by
standardised capability curves and operational constraints [96,97]. Their functionality
is typically defined by specific Volt/Var and power capability curves [96]. Optimisa-
tion methods are increasingly employed to coordinate reactive power dispatch among
PV inverters [98].

Advanced strategies include decentralised Volt/Var control based on linear decision
rules linked to local PV output, often solved through convex quadratic programming within
adjustable robust optimisation frameworks [96]. Effective real-time voltage management
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frequently requires coordination between PV inverters and traditional devices such as
OLTCs and shunt capacitors [94,96,98].

Active power curtailment remains a widely used measure to mitigate over-voltage,
yet it raises important fairness concerns. Customers located toward feeder ends tend to
experience disproportionate curtailment.

Fairness-aware optimisation schemes mitigate this issue either by adding a secondary
fairness objective weighted alongside curtailment minimization, or by implementing feed-
back controllers where weights are adjusted based on historical curtailment levels.

4. Optimisation of ESSs in Distribution Networks
4.1. ESS Roles and General Principles

ESSs play a crucial role in enhancing the flexibility, reliability, and efficiency of modern
power distribution networks. Based on recent projections, global energy storage demand
is expected to triple by 2030 [99]; this rapid growth is one of the key drivers motivating
researchers to develop new storage solutions capable of managing electricity accurately
and consistently according to system needs.

The integration of ESSs requires sophisticated optimisation techniques to determine
their optimal sizing, placement, and operational strategies. These methods aim to minimise
energy losses, improve voltage profiles, and support the integration of renewable energy
sources, thereby maximising their utilisation. In the literature, well-dimensioned ESSs
operated through advanced optimisation strategies are shown to yield substantial technical
benefits. In representative case studies, network active power losses are reduced from
baseline values of approximately 8–10% to levels exceeding 50–60% in the most favourable
configurations, together with significant improvements in minimum bus voltage and
voltage deviation indices, depending on network topology and renewable energy penetra-
tion [100–102]. Several studies further report that appropriately sized and coordinated ESSs
can reduce renewable energy curtailment by approximately 20–40% in realistic distribution
network scenarios, and by up to 50–70% under optimised high-penetration conditions
when compared with cases without storage [103–105]. Moreover, multiple case studies on
IEEE benchmark feeders and real-world distribution networks demonstrate that suitably
sited and controlled ESSs can substantially enhance PV HC. Reported gains range from
modest increases on small rural feeders to marked improvements in the maximum admissi-
ble PV penetration in larger or more constrained networks, with the achievable percentages
strongly dependent on network characteristics, storage size, and control strategy [106–108].

ESSs can be categorised according to several factors, including the type of energy
stored, intended application, storage duration, and efficiency [109].

4.2. Classification of ESS Technologies

ESSs encompass a wide range of technologies characterised by different physical
principles and performance characteristics. While such technological classifications are well
established in the literature, they provide a useful reference framework for understanding
how different ESS types contribute to PV integration and optimisation across multiple time
scales. Figure 4 summaries the main ESS technology families considered in this review,
which are discussed in detail in the following subsections.
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Figure 4. Classification of ESSs relevant to PV integration and optimisation.

4.2.1. Chemical and Electrochemical Energy Storage

Chemical energy storage devices rely on atomic and molecular bonds to store energy
through chemical reactions; among these, synthetic natural gas and hydrogen represent
two widely used clean energy vectors.

Electrochemical energy storage (ECES) systems mainly include Flow Battery Energy
Storage (FBES) and Battery Energy Storage (BES). FBES technologies store energy in liquid
electrolytes contained in external tanks or reservoirs, which are pumped through electro-
chemical cells during charge and discharge cycles. Common FBES technologies include
Polysulfide Bromide (PSB), Vanadium Redox Batteries (VRB), and Zinc–Bromine (ZnBr)
batteries. These systems typically employ microporous membranes to separate electrolytes
and facilitate ion exchange.

BES solutions, on the other hand, directly store energy within electrode materials
through electrochemical reactions. They generally consist of an electrolyte and two elec-
trodes that allow ion transfer during operation. The rapid growth of BES technologies,
dominated by Lithium-ion (Li-ion) batteries, underscores the importance of continued
innovation and investment in battery technology to meet evolving flexibility and storage
requirements within modern power systems.

From an optimisation perspective, chemical and electrochemical ESSs primarily con-
tribute to PV integration over medium- to long-term time scales, supporting energy shifting,
peak shaving, and PV curtailment minimization through planning-oriented sizing and
scheduling strategies, while battery-based solutions are also increasingly exploited in
operational optimisation problems due to their fast response and modularity.

4.2.2. Mechanical Energy Storage

Mechanical Energy Storage (MES) systems enable the conversion of energy between
mechanical and electrical forms [109]. These technologies are vital for managing fluctu-
ations in energy demand and ensuring a reliable and efficient energy supply. Flywheel
Energy Storage (FES) is one example: it stores energy as kinetic energy by accelerating a
flywheel using electrical power during the charging phase, maintaining the stored energy
in rotational motion.

The most widely deployed MES technology is Pumped Hydro Energy Storage (PHES).
PHES operates by pumping water to an elevated reservoir when surplus electricity is
available, typically during periods of low demand. When demand increases, the stored

https://doi.org/10.3390/en19051191

https://doi.org/10.3390/en19051191


Energies 2026, 19, 1191 19 of 35

water is released to flow through turbines, generating electricity. These MES technologies
provide fast response times and allow rapid energy conversion when needed. They are also
characterised by high efficiency and long cycle lifetimes, making them valuable components
of resilient and sustainable energy infrastructures.

From the optimisation viewpoint, MES plays a dual role in distribution networks
with high PV penetration: flywheel-based solutions are particularly suited to short-term
operational optimisation problems requiring fast power balancing and smoothing of PV
fluctuations, while pumped hydro storage is mainly addressed in long-term planning and
scheduling frameworks aimed at energy shifting, peak load management, and system-level
flexibility enhancement.

4.2.3. Electrical Energy Storage (EES)

EES systems constitute another important class of energy storage technology, enabling
the efficient storage and utilisation of electrical energy. These systems are essential for
managing peak demand, enhancing grid stability, supporting intermittent renewable energy
sources, and improving the overall optimisation of power systems.

Capacitors are widely used in electrostatic storage systems, storing energy for short-
term power delivery across various applications. Their rapid charging and discharging
capabilities make them suitable for high-power, fast-response applications. Capacitors are
commonly employed in electronics, electric vehicles, renewable energy systems, and power
electronics. Supercapacitors represent an advanced form of electrostatic energy storage,
offering higher energy densities than traditional capacitors and bridging the gap between
capacitors and batteries. They store energy by forming an electrostatic double layer at the
interface between electrode and electrolyte.

Superconducting Magnetic Energy Storage (SMES) systems store electrical energy in
the magnetic field generated by a persistent current circulating through a superconducting
coil. SMES offers extremely fast response times and high efficiency, although its deployment
is limited by cooling requirements and cost.

In the context of network operation optimisation, EES systems are primarily exploited
in very short-term and real-time control problems, where their extremely fast response
enables voltage regulation, power quality support, and mitigation of rapid PV-induced
fluctuations, often within control-oriented or hierarchical optimisation frameworks.

4.3. Coupling ESSs with RESs

Given the intermittent nature of the most widespread RESs, such as PV and wind,
ESSs are normally combined with renewable generators to optimise the amount of clean
energy used. RESs exploit natural energy flows to generate electricity from resources
that are sustainable over the long term [110]. These include geothermal energy, wind
power, hydropower, biofuels, and solar energy harvested directly from the sun. For
instance, the output of a PV panel drops to zero during dark hours. To maintain the
balance between intermittent renewable energy production and consumption, ESSs are
therefore required [111–113].

ESSs hold significant potential for optimising energy management and reducing
energy waste caused by curtailment. These systems vary widely in design, each aimed
at capturing energy from different sources and storing it for a range of applications. In
typical applications, energy is stored during low-demand periods and released during
periods of high demand. As a result, various optimisation strategies have been developed
for the integration and operation of these combined RES–ESS systems. This section aims to
provide a comprehensive analysis of the optimisation methods that can be adopted for this
purpose. In this context, the joint modelling and optimisation of RES–ESS systems becomes
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essential to manage variability, reduce curtailment, and exploit storage flexibility across
different operational and planning horizons.

ESS optimisation is crucial for enhancing energy-system efficiency, reducing opera-
tional costs, and maximising renewable resource utilisation, particularly in contexts with
high RES penetration.

4.4. Comparative Applicability of ESS Optimisation Methods Across Time Scales and
Operational Contexts

This subsection provides a comparative interpretation of the main optimisation meth-
ods adopted for ESS integration, which is essential to clarify their practical applicability
across different time scales, system sizes, and operational requirements.

From a time-scale perspective, mathematical programming approaches such as MILP
are predominantly applied to planning and day-ahead operational problems, where deci-
sion variables, constraints, and objective functions can be clearly formalised. MILP-based
formulations are particularly effective for ESS sizing, siting, and coordinated scheduling
when accurate forecasts and sufficient computational time are available. However, their
scalability becomes limited as network size increases or when high-resolution temporal
coupling is required.

Metaheuristic algorithms, including Genetic Algorithms (GAs) and Particle Swarm
Optimisation (PSO), exhibit greater flexibility in handling nonlinear, nonconvex, and
multi-objective formulations, making them suitable for complex planning problems and
medium-term operational optimisation. Their main advantage lies in their ability to explore
large solution spaces without requiring convexity assumptions. Nevertheless, convergence
speed and solution repeatability may vary, and real-time deployment remains challenging
without further simplifications or surrogate modelling.

Dynamic Programming (DP) is inherently suited to time-coupled charge–discharge
scheduling problems, as it explicitly accounts for inter-temporal dependencies. Despite
this advantage, DP suffers from the well-known curse of dimensionality, which restricts its
applicability to small- or medium-scale systems unless state-space reduction techniques
are adopted.

Robust and stochastic optimisation frameworks explicitly address uncertainty in PV
generation and load demand, enhancing solution reliability under variable operating
conditions. Robust approaches ensure feasibility under worst-case scenarios but tend to
yield conservative solutions, whereas stochastic formulations offer a more balanced trade-
off between performance and risk at the cost of increased computational complexity and
scenario generation requirements. These methods are particularly relevant for risk-aware
planning and operation in networks with high renewable penetration.

From an operational and real-time perspective, classical optimisation methods are
often complemented, or replaced, by learning-based approaches. Reinforcement Learning
(RL) and hybrid data-driven controllers enable ESSs to adapt their behaviour dynami-
cally in response to rapidly changing system states, without relying on explicit system
models. These approaches are increasingly attractive for real-time applications, although
challenges related to training stability, safety guarantees, and explainability still limit
large-scale deployment.

Overall, the literature suggests that no single optimisation method is universally
optimal for ESS integration. Instead, hybrid and hierarchical frameworks, combining
planning-oriented mathematical programming with operational metaheuristic or learning-
based control layers, appear to offer the most promising balance between optimality,
scalability, and real-time feasibility. This comparative perspective highlights the importance
of selecting optimisation tools based not only on theoretical performance but also on time
scale, computational resources, data availability, and deployment constraints.
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4.5. Overview of ESS Optimisation Methods

Given the operational challenges discussed in Section 3, ESSs emerge as key resources
for enabling further optimisation and HC improvements. Various optimisation approaches
have been proposed for ESS integration, addressing both planning tasks (sizing, siting)
and operational tasks (charge/discharge scheduling). These optimisation approaches are
increasingly combined with forecasting tools and active network management strategies to
enhance flexibility and HC in distribution networks with high PV penetration.

4.5.1. Mathematical Programming Approaches

Popular optimisation approaches for ESSs include MILP, dynamic programming, and
metaheuristic algorithms such as GAs and PSO [114]. MILP has been widely used for both
planning and operational problems due to its ability to effectively handle binary decisions
and complex system constraints [113–116].

DP represents one of the earliest optimisation paradigms applied to hybrid en-
ergy systems. The RAPSODY model proposed by De and Musgrove [117] is among
the first structured applications of DP for the optimisation of hybrid energy conversion
systems, anticipating many of the time-coupled ESS scheduling problems addressed
by modern optimisation frameworks. DP is well suited for time-dependent problems
such as charge/discharge scheduling [118]. Probabilistic techniques are also commonly
applied to account for long-term weather variability, nonlinear system behaviour, and
multi-objective functions [119,120].

4.5.2. Metaheuristic and Intelligent Algorithms

Metaheuristic methods, although not guaranteeing global optimality, offer flexibility
and computational efficiency for large-scale, nonlinear optimisation problems [121]. GAs
employ mechanisms inspired by natural selection, such as heredity, mutation, crossover,
and selection, to explore the solution space [122,123]. Fuzzy logic, grounded in fuzzy
set theory, provides a mathematical framework to incorporate human expert knowledge
into digital controllers [124]. For example, the authors in [125] successfully applied fuzzy
logic to develop an intelligent framework for energy management that assures the optimal
performance of a hybrid system in Johor, Malaysia. The fuzzy logic controller is designed
for managing the power flow between the hybrid system and utility grid to ensure the load
is being supplied continuously.

In this context, fuzzy logic is often used as a control-oriented optimisation surrogate
rather than as a global optimisation method.

PSO mimics the collective movement of fish or birds in three-dimensional space, where
each particle’s position represents a potential solution [126]. Neural network algorithms,
inspired by the structure and function of the human brain, can be trained to perform
optimisation-related tasks [127]. In [128], an ANN was used to develop a novel energy
management strategy for controlling a DC microgrid using a hybrid energy storage system,
demonstrating superior performance compared to earlier optimisation methods.

An integrated approach combining ANNs and GA was proposed in [129] to optimise
a solar industrial-process heat system, using the Group Method of Data Handling, also
known as polynomial networks, as part of the optimisation process. Another study [130]
applied a combination of optimisation techniques, including Genetic algorithm Particle
swarm optimisation, Gravity search algorithm Particle swarm optimisation, GA, Gravity
search algorithm, and PSO algorithms, to determine the optimal sizing of a stand-alone
hybrid renewable energy system consisting of PV/wind turbines/battery storage/diesel
generator components for a university campus, concluding that the hybrid GA combined
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with PSO, when aligned with astute energy management strategies, was more effective in
determining optimal design parameters than other methodologies.

4.6. Advanced and Hybrid Optimisation Frameworks

Recent advances also include stochastic optimisation and robust optimisation, which
explicitly account for uncertainties in demand and renewable generation [131,132]. With
the growing complexity of distribution systems, multi-objective optimisation frameworks
are gaining popularity as they enable balancing economic, technical, and environmental
objectives. The integration of ESSs with demand response programmes and SG technologies
further expands optimisation potential.

In recent years, power system planners have also devoted particular attention to
security and reliability considerations. In [133], an efficient model is proposed for enhancing
the security of active distribution networks composed of multiple microgrids by optimally
utilising energy storage resources and consumption management plans. The authors adopt
a hierarchical two-stage approach: the first stage models disruptive incidents and their
impacts on the distribution network, while the second stage implements preventive and
corrective measures to increase system readiness and reduce the consequences of severe
events. At this stage, energy storage, DG, renewable sources, and responsive loads are
jointly exploited. In the corrective phase, an independent microgrid partitioning method is
employed to accelerate the load restoration process.

To fully leverage the potential of ESSs and network reconfiguration, a coordinated
optimisation method is presented in [134] to improve the economic efficiency of distribution
networks under normal operating conditions as well as the reliability of power supply
during fault conditions.

4.7. Limitations of Existing Methods and Hybrid Approaches

A key drawback of several optimisation techniques lies in their complexity and com-
putational time requirements [135]. For economic optimisation, conventional optimisation
methods remain widely adopted due to their simplicity and ease of implementation. These
techniques typically operate within a limited parameter space, making them effective when
the solution landscape is not highly complex; however, they struggle with multidimen-
sional, nonlinear formulations.

For the sizing of high-resolution energy systems, analytical methodologies are gener-
ally recommended. Simulation-based approaches relying on Monte Carlo Simulations are
often considered unsuitable due to their modelling complexity, dependence on detailed
data, frequently unavailable, and significantly longer computational time.

Metaheuristic methods, by contrast, have shown strong potential for optimising
ESS integration. These approaches provide high computational speed, good accuracy,
and strong efficiency, making them suitable for complex optimisation problems. Their
heuristic nature enables rapid identification of high-quality solutions, which is essential
when managing the dynamic and unpredictable behaviour of renewable resources and
storage systems [136].

Another study [135] emphasises the heuristic nature and fast convergence to near-
global optima as defining characteristics of new-generation algorithms. Hybrid methods, in
particular, have demonstrated robust and fast optimisation performance. Research indicates
that hybrid techniques are among the most effective approaches for integrating HRES and
ESSs, as they combine the strengths of different optimisation paradigms to overcome the
limitations of single-method strategies [137]. For example, a hybrid framework may utilise
PSO for its rapid convergence and GA for its robustness, resulting in a comprehensive
optimisation strategy that balances speed, accuracy, and resilience. These methods are
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especially effective in managing systems with multiple energy sources and storage units.
While they can handle diverse constraints and objectives, hybrid approaches typically
require more complex design and coding structures [135].

4.8. Reinforcement Learning and Emerging Trends

With reference to the aforementioned HC concept, enhancing HC requires coordinated
voltage control through OLTCs, capacitor banks, and PV inverter reactive power regulation,
as well as network reconfiguration and ESS integration [96]. ESS devices can mitigate
over-voltage conditions and reverse power flows, effectively expanding the HC of LV and
MV feeders [134].

Recent developments in RL have enabled real-time control of ESSs under dynamic
and uncertain operating conditions. Approaches such as Deep Q-Learning and Deep
Deterministic Policy Gradient employ neural networks to learn optimal charge/discharge
strategies directly from interactions with the system, without requiring explicit modelling
of the environment. These techniques allow ESS units to adapt to fluctuating renewable
generation and variable market prices, maximising both economic benefits and operational
efficiency. RL-based controllers have been shown to outperform conventional rule-based or
offline-optimised strategies in dynamic settings, achieving near-optimal performance with
reduced computational overhead [138].

Future research trends include combining RL with model-based predictive control and
federated learning to enable scalable, distributed coordination of ESSs across wide-area
networks [60]. In addition, further work should focus on developing more sophisticated
optimisation algorithms capable of handling the uncertainties, stochasticity, and dynamic
behaviour of renewable energy systems. Exploring policy frameworks and financial models
to support ESS adoption across different industrial sectors will also be essential to accelerate
the transition toward sustainable and resilient energy systems.

4.9. Comparative Overview of Forecasting and Optimisation Approaches

This subsection provides a comparative synthesis of the main forecasting and optimi-
sation approaches discussed above, highlighting their key characteristics and application
domains. Table 4 provides a high-level comparison of ESS optimisation methods, highlight-
ing their typical objectives, strengths, and limitations. The table is intended to provide a
qualitative and methodological overview of ESS optimisation approaches rather than a
direct performance benchmark, as the suitability of each method strongly depends on the
specific problem formulation, time scale, uncertainty modelling assumptions, and overall
system context.

Table 4. Qualitative overview of optimisation methods for ESSs, highlighting typical objectives,
strengths, and limitations across different problem formulations and operating contexts.

Method Characteristics Typical
Objectives Strengths Limitations References

MILP

deterministic
mathematical

binary/continuous
variables

cost
losses

(reduction)

high accuracy
well-established

solvers

computationally
intensive

for large-scale or
nonlinear systems

[113–116]

GA
population-based

evolutionary
heuristic

cost
emissions

(reduction)

Flexible
multi-objective

problems

may converge
slowly or

to local optima
[123,124,130]

PSO
Swarm-intelligence

metaheuristic
(social behaviour)

cost
losses

(reduction)

fast convergence
easy to

implement

risk of
premature

convergence
[130,131]
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Table 4. Cont.

Method Characteristics Typical
Objectives Strengths Limitations References

DP
recursive
sequential
decision

charge/discharge
scheduling
reliability
(increase)

handles
time-dependent

problems

suffering
from

dimensionality
issues

[117,118]

Robust

uncertainty
within
defined
bounds

reliability
security

(increase)

ensures
feasible

solutions
under worst-case

conditions

conservative
results,
higher

computational
cost

[133]

Stochastic

random
variables to

model
uncertainty

cost
(reduction)
reliability
(increase)

probabilistic
modelling

requires
large scenario

datasets,
complex to solve

[122,133]

5. Multi-Objective Optimisation with PV Units and Storage Systems
5.1. Motivation and Role of Multi-Objective Optimisation

The operation and planning of modern electrical distribution networks, as discussed
in the previous Sections, are becoming increasingly complex due to the widespread in-
tegration of RES generators and ESSs. These DERs introduce nonlinear and stochastic
behaviours that significantly influence power flows, voltage stability, and overall network
reliability. Therefore, traditional single-objective optimisation methods, typically focused
on minimising power losses or operational costs, are often inadequate for capturing the
multiple and sometimes conflicting objectives that characterise real-world distribution
systems. For example, maximising renewable energy utilisation may conflict with objec-
tives such as loss minimization, voltage regulation, network congestion mitigation, or the
preservation of ESSs’ lifetime [139].

In this context, MOO techniques provide a systematic framework to address competing
objectives simultaneously. Rather than yielding a single optimal solution, MOO methods
generate a set of Pareto-optimal solutions that explicitly represent the trade-offs among
technical, economic, and environmental criteria.

To clarify the Pareto optimality concept, Figure 5 illustrates a representative Pareto
front for a two-objective optimisation problem. The Pareto front corresponds to the set of
non-dominated solutions, for which any improvement in one objective necessarily leads
to a deterioration in at least one other objective. Solutions within the trade-off (decision)
region but not lying on the Pareto front are dominated and therefore suboptimal, while
infeasible solutions violate network or operational constraints and cannot be accepted
regardless of their objective values. This graphical representation highlights how MOO
frameworks support informed decision-making by explicitly exposing the compromise
among conflicting objectives.

Building upon this conceptual foundation, the following subsections focus on the
application of MOO methods to the planning and operation of distribution networks
integrating PV generation and ESSs, with particular attention to the most relevant objective
functions and trade-offs encountered in practical implementations.
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Figure 5. Conceptual illustration of a Pareto front in a two-objective optimisation problem, showing
non-dominated (Pareto-optimal), dominated, and infeasible solutions within the objective space.

5.2. Applications of MOO in Distribution Networks with PV and ESSs

In distribution networks, MOO plays a crucial role in optimising DER placement,
operational scheduling, and control strategies under constraints imposed by voltage limits,
line capacities, and regulatory frameworks [140]. Moreover, MOO approaches can incor-
porate uncertainty in PV generation and load demand, enabling robust decision-making
under variable and stochastic conditions [141]. The inclusion of ESSs further amplifies
the need for MOO techniques, as their operation must simultaneously balance objectives
such as minimising degradation, optimising charge–discharge cycles, and enhancing grid
flexibility [142]. Algorithms such as NSGA-II, MOPSO, and hybrid MILP–evolutionary
frameworks have proven particularly effective in this context [143,144].

The use of MOO in distribution systems encompasses a variety of objectives, including
the minimisation of active power losses, voltage profile improvement, emission reduction,
and maximisation of renewable energy utilisation [139]. These objectives are inherently
coupled and often conflicting, which makes their simultaneous treatment particularly
suitable for Pareto-based optimisation frameworks. When PV generators and ESS units are
involved, additional aspects such as intermittency management, storage degradation, and
dynamic network reconfiguration must also be addressed [145]. Thus, MOO serves as a
powerful methodological tool to guide the optimal planning and operation of modern SGs
under regulatory and operational constraints.

In power distribution networks, these objectives are often conflicting. For example,
minimising operational costs may lead to higher power losses or increased voltage devia-
tions, while maximising PV penetration can exacerbate network congestion and require
additional investments in flexibility assets. Therefore, the solution to a MOO problem is not
a single optimal point but a Pareto front, representing the set of non-dominated solutions
that cannot be improved in one objective without worsening another [146].

To identify such Pareto-optimal solutions, several approaches can be employed, in-
cluding weighted-sum methods, ε-constraint methods, and evolutionary algorithms such
as NSGA-II or MOPSO [143,147]. Evolutionary approaches are particularly well suited for
distribution network optimisation due to their flexibility and inherent capability to handle
nonlinearities, discrete decision variables, and large search spaces.

PV generators have become one of the most widespread DERs thanks to declining
costs and supportive policies. Accordingly, MOO is used to balance PV generation maximi-
sation with operational constraints such as voltage limits, thermal capacity, and network
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losses [148,149]. Similarly, ESS optimisation involves multiple objectives, including min-
imising operational costs, reducing voltage deviations, limiting degradation, and support-
ing system reliability [150]. The integration of ESSs transforms the operational optimisation
problem into a temporal one, where inter-temporal constraints must be respected.

At the planning level, MOO is employed to determine the optimal locations and capac-
ities of PV and ESS installations. The decision variables typically include the size of each
DER, its placement within the network, and its operational modes. The commonly adopted
objectives involve investment cost reduction, power loss minimisation, voltage stability
enhancement, and increased system resilience [123,151]. Furthermore, MOO frameworks
have been applied to maximise HC while minimising investment and operational costs,
simultaneously addressing technical, economic, and regulatory considerations [141].

At the operational level, MOO enables dynamic scheduling of DER and ESS units
on an hourly or sub-hourly basis. The main objectives include cost minimisation, grid
stability improvement, and emission reduction. More recent studies utilise stochastic MOO
approaches to account for PV forecast uncertainties, relying on probabilistic constraints or
scenario-based modelling [146].

With these application areas clarified, the next subsection reviews the principal MOO
algorithms used in PV–ESS integration.

5.3. Algorithms for MOO in PV–ESS Systems

In line with the multi-objective formulations discussed in the previous subsection,
due to the nonlinear and nonconvex characteristics of power distribution networks,
heuristic and metaheuristic algorithms have gained significant popularity. Among these,
NSGA-II, MOPSO, Differential Evolution, and Artificial Bee Colony algorithms are widely
used [147,152]. Hybrid methods that combine classical optimisation with metaheuristics
are also emerging. Additionally, machine learning-based surrogate models are increasingly
adopted to accelerate MOO computations and reduce the computational burden associated
with high-dimensional search spaces [153].

This aspect becomes particularly critical when MOO is applied to large-scale networks,
stochastic formulations, or high-fidelity simulation environments. Given the high compu-
tational burden of many MOO tools, particularly when involving stochastic inputs and
high-fidelity simulations, the use of surrogate-assisted techniques is becoming increasingly
important, as discussed next.

Surrogate-Assisted MOO and Emerging Trends

In MOO, surrogate models (or meta-models) are increasingly adopted to approximate
computationally expensive simulations and accelerate convergence toward the Pareto
front. They replace high-fidelity network simulations, such as power flow, optimal dis-
patch, or stability analyses, with fast predictive functions that map decision variables to
performance metrics.

Among the most relevant methods are Gaussian Process Regression (GPR) and Kriging,
which provide probabilistic estimations and quantify prediction uncertainty, making them
particularly suitable for adaptive sampling and active-learning strategies [154,155]. Ma-
chine learning-based surrogates, including eXtreme Gradient Boosting (XGBoost). SVR and
ANNs are also increasingly employed to improve computational scalability and robustness
in large-scale optimisation problems [156,157].

Recent studies show that hybrid algorithms combining evolutionary optimisation
methods (e.g., NSGA-II, MOPSO) with surrogate modelling can reduce computational
costs by up to 90% while maintaining high accuracy in Pareto front estimation [153].
Adaptive surrogate frameworks have also emerged, where the surrogate model is updated
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dynamically as new data becomes available, thereby enhancing prediction accuracy and
ensuring continuous learning under renewable-generation uncertainty [158,159].

In future SGs, surrogate-assisted MOO will play a central role in enabling real-
time decision support, uncertainty-aware control, and co-optimisation of DERs, par-
ticularly when combined with federated learning and multi-agent frameworks for
distributed problem-solving [160].

In conclusion, MOO provides a comprehensive framework for addressing the chal-
lenges associated with planning and operating modern distribution networks with high PV
and ESS penetration. Future research is expected to concentrate on integrating data-driven
prediction models, adaptive control, and real-time optimisation within MOO frameworks,
while ensuring alignment with evolving regulatory policies.

Overall, the analysis presented in this section highlights how MOO has become a key
methodological enabler for the integration of PV generation and ESSs in modern distribu-
tion networks. At the same time, the reviewed studies reveal that the increasing complexity
of SGs, together with uncertainty, scalability, and real-time operational requirements, still
poses significant challenges. These aspects motivate the need for continued research ef-
forts, which are synthesised and discussed in the concluding section, together with future
perspectives on optimisation-driven SG planning and operation.

5.4. Comparative Discussion and Practical Implications

It is crucial to show how various forecasting and optimisation paradigms compare in
terms of applicability, strengths, and limits in realistic renewable energy system deploy-
ments, going beyond a descriptive classification of current methodologies.

Long-term planning studies and scenarios with limited data availability might ben-
efit from the openness and cheap processing complexity of physics-based and statistical
forecasting models. However, their accuracy in short-term operational applications is
frequently hampered by their low capacity to capture nonlinear dynamics. However, at
the expense of greater data requirements, computational complexity, and decreased inter-
pretability, data-driven and deep learning systems typically provide improved prediction
accuracy in short- and very short-term horizons.

Optimisation strategies exhibit a similar trade-off. Regarding centralised optimisation
frameworks, although they facilitate coordinated asset management and globally optimal
solutions, they have communication and scalability issues. Distributed and decentralised
approaches improve scalability and robustness, although often at the expense of optimality
and with increased sensitivity to forecast errors. While centralised optimisation ensures
global optimality, its practical deployment becomes challenging in large-scale distribution
systems with high communication latency.

From a practical perspective, the integration of ESSs plays a key role in mitigating the
limitations of both forecasting and optimisation methods, providing operational flexibility
that relaxes accuracy and responsiveness requirements. These comparisons highlight that
no single approach is universally optimal, and that method selection should be driven by
application context, temporal horizon, and system-level constraints rather than standalone
performance metrics.

The integration of ESSs is crucial in reducing the drawbacks of forecasting and opti-
misation techniques, offering operational flexibility that eases the demands for accuracy
and responsiveness. These comparisons demonstrate that no single strategy is universally
optimal and that system-level restrictions, temporal horizon, and application context, rather
than independent performance metrics, should be taken into consideration when choosing
a method.
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6. Conclusions and Future Perspectives
This review has examined the state-of-the-art in large-scale PV integration in smart

distribution networks by jointly analysing PV power forecasting techniques, optimisation
strategies, ESSs, and multi-objective coordination frameworks. Rather than addressing
these topics as independent research areas, the paper has adopted an integrated perspective
that highlights their strong interdependencies and their collective role in enabling the
reliable, efficient, and flexible operation of distribution systems with high PV penetration.

A key contribution of this review lies in clarifying how forecasting accuracy, op-
timisation methodologies, and DER control strategies are deeply interconnected. PV
power forecasting has emerged not merely as a standalone problem, but as a fundamental
enabler for a wide range of optimisation tasks, ranging from real-time voltage control
and operational scheduling to long-term planning and HC assessment. In this context,
the representation of uncertainty and the alignment between forecasting horizons and
decision-making timescales are shown to be critical factors influencing the effectiveness of
optimisation-based solutions.

From an optimisation perspective, the analysis has shown that classical mathematical
programming, metaheuristic techniques, and learning-based approaches are increasingly
combined to address the nonlinear, stochastic, and large-scale nature of modern distribution
networks. ESSs play a central role in this evolution, also contributing to HC enhancement,
voltage regulation, and increased operational flexibility in active distribution networks.
At the same time, the growing adoption of multi-objective optimisation and Pareto-based
decision-making frameworks reflects the need to explicitly manage trade-offs among
competing technical, economic, and reliability objectives, for which no single optimal
solution exists.

Beyond purely technical forecasting and optimisation aspects, the effective deployment
of PV-driven flexibility solutions also depends on broader system-level enablers. Market
interoperability issues, such as the coordination of multiple stakeholders’ interests and
the compatibility of communication protocols, represent key enabling factors and open
challenges for translating optimisation-based strategies into real-world flexibility services.
At the same time, the increasing penetration of power-electronics-interfaced DERs and data-
driven control architectures raises critical safety, resilience, and fault-tolerance concerns,
especially in the presence of faults, communication failures, or cyber–physical threats. In
this context, adaptive, event-triggered, and fault-tolerant control strategies can be viewed
as a complementary layer to forecasting-driven optimisation and ESS coordination.

6.1. Limitations of Current Research

Although this review presents significant progress, several limitations can be high-
lighted in both the existing literature and the scope of this work. Most optimisation and
control strategies for distribution networks integrated with PV systems are still mostly
validated through simulation-based studies, which often use simplified or idealised net-
work models and limited field demonstrations. Although these approaches are essential
for methodological development, their transferability to real operating conditions remains
only partially evaluated. Furthermore, many contributions adopt simplified modelling
assumptions, particularly regarding uncertainty propagation, network dynamics and long-
term degradation of ESSs, which, when dealing with practical applications, can affect the
robustness of optimisation results.

From a review perspective, the literature surveyed primarily covers the period 2019–
2026 and mainly focuses on distribution-level applications, while also incorporating se-
lected earlier foundational works where necessary. Consequently, transmission-oriented
studies addressing related challenges at different system scales are only partially discussed.
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Finally, although regulatory and market aspects are increasingly relevant for PV and ESS
optimisation, their treatment in the reviewed literature remains fragmented and highly
context-dependent; therefore, these aspects are addressed to the extent necessary to support
the technical discussion.

6.2. Future Research Directions

Starting from these limitations, future research should focus on more realistic, scalable
and implementable optimisation models for distribution networks integrated with PV
systems. As far as modelling is concerned, there is a need for approaches that can jointly
capture uncertainty propagation, intertemporal constraints and ESS degradation within
unified optimisation formulations. In this context, promising tools include digital twins and
hybrid models based on data and informed by physics; these would bridge the gap between
simulation-based studies and real-world operation. At the same time, surrogate modelling
and learning-assisted optimisation techniques can significantly improve computational
scalability, enabling real-time or near-real-time decision-making in large-scale systems.
Further efforts should also focus on developing reproducible benchmark systems and open
datasets, facilitating transparent comparison between methodologies and accelerating their
practical adoption. Finally, the integration of explainable and trustworthy artificial intelli-
gence, together with interoperable and market-responsive optimisation frameworks, will
be essential to ensure transparency, regulatory acceptance and the effective participation of
PV and ESS resources in future flexibility markets.
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