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ABSTRACT: 

This study aims to develop a unified, data-driven framework that integrates probabilistic 

photovoltaic (PV) forecasting, risk-aware battery energy storage system (BESS) planning, 

and market-oriented operational control under uncertainty. The research addresses the 

following key questions: (i) how forecast uncertainty can be effectively utilized in opera-

tional decision-making, (ii) how it influences optimal BESS sizing, and (iii) how it affects 

economic performance and risk in electricity markets. The proposed framework enables 

end-to-end propagation of probabilistic information across decision layers, transforming 

forecast uncertainty into a quantifiable decision variable. The framework is validated us-

ing real data from a utility-scale PV plant in Finland. Probabilistic forecasting based on 

quantile regression achieves reliable calibration (prediction interval coverage ≈ 0.88–

0.93). Forecast accuracy degrades with increasing prediction horizon defined as day-

ahead (D1), two-day-ahead (D2), and three-day-ahead (D3) with root mean square error 

(RMSE) increasing from approximately 8.4 MW (D1) to 12.9 MW (D3). This degradation 

significantly increases the probability of extreme imbalance events, referred to as tail-

risk exposure. Incorporating this uncertainty into planning, a Conditional Value-at-Risk 

(CVaR)-based optimization where CVaR represents the expected loss under worst-case 

conditions consistently identifies a compact BESS configuration within the evaluated 
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design space and considered market conditions (2 MW / 2 MWh). This design maximizes 

economic value (≈ €4.18 M annual profit, ≈ €35 M net present value (NPV), where NPV 

represents long-term investment profitability) under controlled risk (≈ €2.38 M CVaR), 

indicating that optimal sizing is governed by marginal value saturation rather than ca-

pacity scaling. Operational results show that uncertainty-aware dispatch reduces ex-

treme imbalance exposure and reserve volatility, at the cost of moderate reductions in 

short-term profit (≈10–20%) and increased curtailment. A critical nonlinear regime is ob-

served at intermediate horizons (D2), where imbalance cost peaks (~450 k€), indicating 

maximum sensitivity to forecast error. Long-term evaluation demonstrates that opti-

mized control reduces battery cycling by approximately 50%, significantly extending as-

set lifetime. The main contribution of this study is the development of a unified, deci-

sion-oriented PV–BESS framework that explicitly links forecast uncertainty to economic 

value, operational risk, and storage efficiency. The results demonstrate that optimal sys-

tem performance emerges from selective, risk-aware utilization of flexibility rather than 

maximum energy throughput, providing a scalable foundation for real-time digital twin 

applications in renewable-dominated power systems 

 

KEYWORDS: Probabilistic modeling; BESS optimization; CVaR; uncertainty propaga-

tion; energy markets; PV–BESS systems; decision-oriented optimization; digital twin 
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1 Introduction 

1.1 Background and Challenges of PV Integration 

The global energy system is undergoing a structural transition toward low-carbon and 

sustainable operation, driven by decarbonization targets, policy commitments, and in-

creasing electricity demand. Within this transition, photovoltaic (PV) generation has 

emerged as a dominant technology due to its modularity, declining costs, and scalability 

(IEA, 2025). Consequently, PV is expected to constitute a significant share of future elec-

tricity generation and play a central role in achieving net-zero emission targets. However, 

PV generation is inherently stochastic, as it depends on meteorological variables such as 

solar irradiance, cloud dynamics, ambient temperature, and seasonal patterns. This re-

sults in substantial temporal variability and uncertainty in generation profiles, directly 

affecting system balancing and operational reliability under high renewable penetration 

(Luo et al., 2025; Ejuh Che et al., 2025). In electricity markets, generation must be sched-

uled ahead of delivery, and deviations between scheduled and actual output lead to im-

balance settlements and associated economic penalties. Therefore, forecasting accuracy 

and more critically, uncertainty representation is essential for both operational efficiency 

and market participation (Agakishiev et al., 2025). At higher penetration levels, PV inte-

gration introduces interconnected technical and economic challenges. Forecast uncer-

tainty leads to both underproduction and overproduction, increasing imbalance expo-

sure and degrading economic performance (Luo et al., 2025; Mystakidis et al., 2024). In 

addition, grid constraints, particularly point-of-connection (PoC) export limits, result in 

curtailment during high-generation periods, reducing renewable utilization and revenue 

(IEA, 2025). A further limitation arises from the temporal mismatch between PV gener-

ation and market price signals, which constrains value capture when peak production 

does not align with high-price periods (Pavlík et al., 2025). Together, these challenges 

highlight the need for coordinated strategies to manage uncertainty while improving sys-

tem flexibility and economic efficiency. 
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1.2 Role of Battery Energy Storage Systems in PV Integration 

Battery Energy Storage Systems (BESS) provide a critical flexibility mechanism for miti-

gating PV variability and enhancing system performance. Advanced hybrid storage archi-

tectures and energy-management strategies have further expanded the operational role 

of BESS in modern hybrid power systems (Baccino & Santarelli, 2023).  By enabling tem-

poral energy shifting, BESS reduces curtailment, compensates for forecast deviations, 

and improves dispatchability (Rezaeimozafar et al., 2024; Yang et al., 2024). In addition, 

storage systems enable participation in multiple market layers, including energy arbi-

trage and ancillary services such as frequency containment reserves, allowing value 

stacking and improved economic performance. Beyond economic benefits, BESS contrib-

utes to system stability through fast-response services such as frequency regulation and 

voltage support (Ejuh Che et al., 2025; Gardemeister et al., 2025). However, its value is 

highly sensitive to system design and operational strategy. Oversizing increases capital 

costs, while undersizing limits flexibility. Similarly, inefficient operation accelerates deg-

radation and reduces lifecycle profitability. Therefore, effective PV–BESS integration re-

quires coordinated optimization across forecasting, system design, and operational con-

trol. 

1.3 Research Motivation and Problem Statement 

Despite extensive research in PV forecasting, BESS planning, and operational control, 

these domains are largely studied in isolation. Forecasting studies typically focus on sta-

tistical accuracy metrics (e.g., RMSE, MAE) without explicitly linking predictions to oper-

ational or economic outcomes (Chen et al., 2024). Similarly, BESS sizing approaches often 

rely on deterministic assumptions, neglecting forecast uncertainty, while operational 

strategies frequently depend on point forecasts, limiting robustness under uncertainty 

(Tkac et al., 2023). In practice, these components are inherently interdependent. Fore-

cast uncertainty directly influences operational risk, market participation, and the value 

of system flexibility, while system design constrains operational decisions and economic 

outcomes. However, existing literature lacks integrated, data-driven frameworks that 

consistently connect forecasting, planning, and operation within a unified decision-
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making structure. To address this gap, this thesis develops a multi-phase framework link-

ing probabilistic forecasting, risk-aware BESS sizing, and market-oriented dispatch. The 

central objective is to transform forecast uncertainty from a source of risk into a quanti-

fiable and exploitable component of system value (Wang et al., 2024). 

1.4 Objectives, Research Questions, and Contributions 

1.4.1 Objectives 

 The primary objective of this thesis is to develop an integrated PV–BESS decision 

framework that enables uncertainty-aware forecasting, risk-informed planning, and 

optimized market participation. Specifically, the study aims to: 

• Develop a probabilistic PV forecasting model capturing uncertainty across 

multiple horizons 

• Design a risk-aware BESS sizing methodology incorporating economic and 

operational constraints 

• Formulate an optimization-based operational strategy for PV–BESS systems in 

electricity markets 

• Evaluate system performance in terms of economic value and operational 

robustness 

• Establish a unified data-driven pipeline linking forecasting, planning, and 

operation. 

1.4.2 Research Questions 

 This thesis addresses the following research questions: 

1. How can probabilistic forecasting improve operational decision-making in PV sys-

tems?  

2. How does forecast uncertainty influence BESS sizing and system design?  

3. What constitutes an optimal market-oriented operational strategy for PV–BESS 

systems?  

4. How does forecast quality affect economic performance and imbalance risk?  

5. What is the long-term techno-economic benefits of PV–BESS integration? 
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1.4.3 Scientific Contributions 

 The key contributions of this thesis are: 

• A probabilistic forecasting framework explicitly designed for decision-making 

applications 

• A risk-aware BESS sizing methodology incorporating uncertainty and market 

dynamics 

• A market-oriented operational strategy integrating energy and reserve 

participation 

• A unified multi-phase framework linking forecasting, planning, and operation 

• Quantification of forecast value in terms of economic performance and risk 

reduction 

• Comprehensive evaluation of PV–BESS system performance under uncertainty 

1.5 Thesis Organization 

The remainder of this thesis is structured as follows. Chapter 2 reviews the literature on 

PV forecasting, energy storage systems, and operational strategies. Chapter 3 presents 

the data and methodological framework. Chapter 4 introduces the mathematical formu-

lation and the proposed integrated system. Chapter 5 provides the simulation results 

and integrated analysis across all phases. Finally, Chapters 6 presents the discussion and 

conclusions of this research. 
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2 Literature Review 

2.1 PV Forecasting and Uncertainty Modeling 

Accurate photovoltaic (PV) power forecasting is essential for maintaining system balance, 

ensuring reliable grid operation, and enabling efficient market participation. However, 

PV generation is inherently stochastic due to its dependence on meteorological variables, 

making forecasting a challenging task in modern power systems. Early approaches relied 

on statistical models such as autoregressive (AR), ARIMA, and linear regression (Iheanetu, 

2022; Al-Dahidi et al., 2024). While computationally efficient and interpretable, these 

methods struggle to capture the nonlinear and non-stationary behavior of solar irradi-

ance, particularly under rapidly changing weather conditions. To improve physical con-

sistency, numerical weather prediction (NWP)-based models were introduced, incorpo-

rating irradiance, temperature, and cloud cover (Wang et al., 2026; Visser et al., 2024). 

However, their performance remains constrained by upstream weather forecast errors. 

More recently, data-driven approaches have demonstrated superior performance. Ma-

chine learning models such as artificial neural networks (ANNs), support vector ma-

chines (SVMs), and ensemble methods effectively capture nonlinear relationships 

(Sweeney et al., 2020; Maciejowska et al., 2024), while deep learning architectures, in-

cluding long short-term memory (LSTM) and convolutional neural networks (CNNs), fur-

ther enhance temporal and spatiotemporal modeling (Meng et al., 2022; Wang et al., 

2026). To address inherent uncertainty, probabilistic forecasting has emerged as a robust 

alternative. Unlike deterministic models, it provides prediction intervals or full distribu-

tions, offering a more comprehensive representation of PV output (Maciejowska et al., 

2024; Sweeney et al., 2020). Common approaches include quantile regression, Bayesian 

methods, and ensemble techniques, with quantile regression widely adopted due to its 

flexibility in estimating conditional distributions without strong assumptions (Maciejow-

ska et al., 2024; Visser et al., 2024). Despite these advances, forecasting performance is 

still predominantly evaluated using statistical metrics such as RMSE and MAE, which do 

not reflect operational or economic impact. In market environments, even small forecast 

errors can lead to imbalance penalties and suboptimal dispatch (Visser et al., 2024). 
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Similarly, probabilistic forecasts are often assessed using calibration and sharpness met-

rics, with limited integration into decision-making processes (Sweeney et al., 2020; 

Maciejowska et al., 2024). 

2.2 BESS Planning and Sizing Approaches 

Battery Energy Storage Systems (BESS) are essential for enhancing the flexibility and eco-

nomic performance of PV-integrated systems. By enabling energy shifting, peak shaving, 

curtailment reduction, and ancillary service participation, BESS improves both system 

stability and market competitiveness (IEA, 2025; Čović et al., 2024). Lithium-ion batteries 

dominate current deployments due to high efficiency, scalability, and declining costs (IEA, 

2025), while alternative technologies such as supercapacitors and hybrid storage sys-

tems are used in high-power or fast-response applications (Čović et al., 2024). The value 

of BESS depends strongly on system design, particularly sizing strategies. Technical ap-

proaches focus on grid compliance and power smoothing objectives, such as ramp-rate 

control (Lappalainen & Valkealahti, 2022; Abdalla et al., 2026), but often neglect eco-

nomic performance. Data-driven approaches extract representative patterns from his-

torical data using clustering or motif analysis (Yang et al., 2025), though they struggle 

with extreme events and lack integration with uncertainty modeling (Allahvirdizadeh et 

al., 2021). Recurring-pattern-based approaches have also been proposed to improve hy-

brid energy storage sizing under repetitive operational conditions (Karrari et al., 2022). 

Techno-economic optimization methods, typically based on mixed-integer linear pro-

gramming (MILP), aim to maximize economic performance under operational con-

straints (Cao et al., 2022; Gao et al., 2025). Recent hybrid power plant studies have also 

explored surrogate-based energy management and sizing approaches to improve com-

putational efficiency in large-scale optimization problems (Assaad et al., 2025). However, 

these models often rely on deterministic inputs, limiting robustness under uncertainty. 

Stochastic and reliability-based approaches incorporate uncertainty using risk measures 

such as Conditional Value at Risk (CVaR), improving robustness (Mottola et al., 2024; 

Xuan et al., 2021; Domínguez & Vitali, 2021), but are generally confined to planning 

stages and rarely linked to forecasting or real-time operation. Hybrid renewable storage 

studies emphasize variability and resource complementarity (Talvi & Lappalainen, 
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2024;Ruan et al., 2025; Holttinen et al., 2025) yet often lack economic depth and market 

integration.  

2.3 PV–BESS Operation and Market Participation 

Operational strategies determine the real-time utilization of BESS and significantly influ-

ence system performance. Common approaches include rule-based control, optimiza-

tion-based strategies, and model predictive control (MPC) (Gao et al., 2019; Lindberg et 

al., 2024). Rule-based methods are simple but suboptimal under dynamic conditions, 

while optimization-based approaches improve performance but depend heavily on fore-

cast accuracy and are often based on deterministic inputs. BESS enables participation in 

multiple electricity markets, including day-ahead, intraday, and ancillary services (IEA, 

2025; Ruiz-Abellón et al., 2024). Risk-constrained participation strategies for energy and 

reserve markets have also gained increasing attention in virtual power plant and active 

distribution network research (Jadidoleslam, 2025). Through value stacking combining 

energy arbitrage and reserve provision storage systems can significantly enhance profit-

ability (Hofbauer et al., 2022). However, market participation is typically modeled inde-

pendently of forecasting and planning processes, limiting the ability to fully exploit mar-

ket opportunities under uncertainty. 

2.4 Risk-Aware Optimization in Energy Systems 

Risk-aware optimization methods, particularly those based on Conditional Value at Risk 

(CVaR), are widely used to manage uncertainty in energy systems (Wang et al., 2024; 

Xuan et al., 2021). These approaches balance expected returns with downside risk, im-

proving decision robustness. However, they are typically applied in isolated stages, such 

as planning or operation, without integration across forecasting, system design, and dis-

patch. This limits their ability to capture the full propagation of uncertainty across multi-

stage decision processes.  

2.5 Research Gap and Thesis Positioning 

The literature reveals several critical limitations. Existing studies largely treat forecasting, 

BESS sizing, and operation as separate components, with minimal cross-layer integration 
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(Ali et al., 2025). While probabilistic methods effectively quantify uncertainty, they are 

seldom propagated into system design and operational decision-making, and BESS plan-

ning often remains based on deterministic assumptions. Thus, 

High statistical accuracy and uncertainty quantification do not necessarily translate 

into operational or economic value, as uncertainty is quantified but not effectively 

utilized in decision-making. 

To address these limitations, this thesis proposes a unified data-driven framework that 

integrates probabilistic forecasting, risk-aware BESS sizing, and market-oriented opera-

tion within a single decision pipeline. The framework enables end-to-end uncertainty 

propagation, where quantile-based forecasts (q05–q95) directly inform both planning 

and dispatch. A CVaR-based sizing strategy balances expected return against downside 

risk, while a market-integrated optimization framework supports coordinated participa-

tion in energy and reserve markets. The approach further captures multi-horizon uncer-

tainty evolution across D1–D3 and extends to a digital twin layer for real-time monitoring 

and adaptive control. In this way, the thesis moves beyond accuracy-driven forecasting 

toward decision-oriented optimization, offering a coherent and practically deployable 

framework for PV–BESS systems operating under uncertainty 

Table 1.  Comparative Analysis of Existing Studies 

Domain Aspect Existing Approaches Limitations Proposed 

Framework 

Forecasting Output Deterministic; probabilistic 

(Iheanetu, 2022; Visser et al., 

2024; Maciejowska et al., 2024) 

Uncertainty ig-

nored or not 

utilized 

Quantile-based 

probabilistic 

forecasts 

Uncertainty Limited/implicit (Sweeney et al., 

2020) 

Not propa-

gated to deci-

sions 

Fully integrated 

into decision-

making 

Metrics RMSE, MAE (Al-Dahidi et al., 

2024) 

No economic 

relevance 

Cost-, imbal-

ance-, profit-

based metrics 

Decision 

Link 

Decoupled from operation (Visser 

et al., 2024; Lindberg et al., 2024) 

Weak linkage Integrated with 

sizing and dis-

patch 



19 

BESS Sizing Objective Technical or economic (Lap-

palainen & Valkealahti, 2022; Cao 

et al., 2022) 

Fragmented 

objectives 

Unified techno-

economic + risk-

aware 

Uncertainty Deterministic inputs (Gao et al., 

2025) 

Ignores varia-

bility 

Driven by proba-

bilistic forecasts 

Market Simplified models (IEA, 2024; Gao 

et al., 2025) 

Limited realism Full energy + re-

serve integra-

tion 

Forecast 

Link 

Weak linkage (Allahvirdizadeh et 

al., 2021) 

Disconnected 

decisions 

Multi-horizon 

(D1–D3) driven 

Robustness Moderate (Xuan et al., 2021) Not linked to 

operation 

Risk-aware + op-

erational cou-

pling 

Operation Control Rule-based / MPC (Gao et al., 

2019) 

Deterministic 

inputs 

Risk-aware opti-

mization (MPC) 

Uncertainty Limited use (Lindberg et al., 2024) Poor robust-

ness 

Fully uncer-

tainty-aware 

Market Separate modeling (IEA, 2023) No coordina-

tion 

Integrated 

multi-market 

Adaptability Static/semi-dynamic (Ruiz-Abel-

lón et al., 2024) 

Limited flexibil-

ity 

Dynamic sce-

nario-based 

Economics Suboptimal value (Hofbauer et 

al., 2022) 

Inefficient flex-

ibility use 

Profit-maximiz-

ing with risk 

control 

System Inte-

gration 

Integration Disjoint stages (Ali et al., 2025) No end-to-end 

pipeline 

Fully integrated 

framework 

Decision Component-level (Bernecker et 

al., 2026) 

No coordina-

tion 

Multi-phase ar-

chitecture 

Risk Isolated handling (Xuan et al., 

2021) 

Not propa-

gated 

End-to-end 

CVaR-based 

Applicability Moderate (IEA, 2024) Limited de-

ployment 

Market-aligned, 

deployable 
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3 Data and Methodology Framework  

3.1 System Description and Dataset Overview 

This study is based on the Heinäneva Solar Park (EPV Energia Oy, Finland), a utility-scale 

photovoltaic (PV) plant with an installed capacity of approximately 80 MW and an annual 

generation of about 80 GWh. The system operates under Nordic climatic conditions char-

acterized by strong seasonal variability. The plant comprises approximately 123,000 pan-

els over 120 hectares and follows a modular architecture consisting of ten main blocks 

and one dual-axis tracker block. Each block operates with a dedicated inverter and me-

dium-voltage (MV) transformer, and all blocks are aggregated through an MV network 

to a central substation for high-voltage (HV) grid integration, as illustrated in Fig.1. 

 

Figure 1. Structural and Electrical Architecture of the Heinineva Solar Park. 

The system employs a hybrid inverter topology combining central and string inverters, 

enabling multi-level maximum power point tracking (MPPT) at both sub-array and string 

levels. Approximately 85.3 MWp is installed as fixed-tilt systems, while 0.5 MWp uses 

dual-axis tracking, improving irradiance capture while introducing additional variability. 

A hierarchical control structure supports centralized dispatch, grid compliance, and en-

ergy management functions. Grid exports are constrained by a 60 MW point-of-connec-

tion (PoC) limit, leading to curtailment during high-generation periods and directly influ-

encing dispatch, storage sizing, and economic performance (Esmaeili Aliabadi & Pinto, 

2025). All dataset variables are aligned to a 15-minute resolution, consistent with elec-

tricity market settlement intervals. The dataset integrates PV generation, environmental 

conditions, and operational signals, providing a structured representation of system 
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behavior for forecasting and decision-making. Key characteristics are summarized in Ta-

ble 2. The dataset is constructed through multi-source integration. PV generation data is 

obtained from EPV Energia Oy, while meteorological inputs are collected from on-site 

measurements and the Finnish Meteorological Institute (FMI). Additional solar radiation 

and atmospheric variables are sourced from NASA POWER (Finnish Meteorological Insti-

tute, 2025; NASA POWER, 2025). Electricity market data are incorporated from Nord 

Pool, ENTSO-E, and Fingrid, enabling representation of both energy and reserve market 

conditions (Nord Pool, 2025; ENTSO-E, 2025; Fingrid, 2025).  

Table 2.  Dataset Summary 

Category Variable Value 

Dataset Type Multi-source processed dataset 

Size Observations 12,725 

Features 77 

Time Resolution 15 minutes 

Period 16 Jun 2025 – 27 Oct 2025 (~4.5 months) 

PV Output Target Variable Power (MW) 

Mean 10.14 MW 

Max 72.44 MW 

Min 0 MW 

Operational Signals Risk Indicator deficit_MW 

Commitment Flag commitment_defined 

Features Categories Meteorological, Temporal, Forecast, Risk 

 

3.2 Data Processing and Feature Engineering 

A structured data processing and feature engineering pipeline is applied to ensure da-

taset consistency and suitability for probabilistic forecasting and optimization. 

All data streams are synchronized and resampled to a unified 15-minute resolution. 

Missing values are handled through interpolation for short-duration gaps, while anoma-

lous or physically inconsistent observations are removed using rule-based filtering based 
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on domain constraints, including non-negative irradiance, feasible PV output limits, and 

realistic meteorological ranges. 

Feature normalization and scaling are applied to improve numerical stability and model 

generalization (Xiong et al., 2025). 

Feature engineering captures the temporal, physical, and operational drivers of PV gen-

eration: 

• Temporal features (hour, day, season) capture periodic patterns  

• Meteorological variables (irradiance, temperature, cloud indicators) represent 

physical drivers  

• Historical PV features (lagged values) capture temporal dependencies  

• Market variables (spot and reserve prices) represent economic signals  

• Operational signals and risk indicators (e.g., commitment status, imbalance) link 

forecasting to decision-making  

In addition, derived features such as rolling statistics and variability indicators are in-

cluded to improve robustness under fluctuating conditions. The unified feature structure 

is summarized in Table 3. The selected features represent system-level behavior; local-

ized effects such as panel degradation or shading are not explicitly modeled. 

Table 3.  Unified Feature Categories and Modeling Role 

Feature Cate-

gory 

Variables Role in Model Purpose 

Temporal hour, day, month, seasonal 

indicators 

Input features Capture periodic patterns 

Meteorological irradiance, temperature, 

cloud indicators 

Input features Represent physical drivers of PV 

generation 

Historical PV lagged power values Input features Capture temporal dependency 

and persistence 

Market spot price, reserve price Input features Represent economic signals for 

decision-making 

Operational Sig-

nals 

commitment_defined Input features Support market-based decisions 

Risk Indicators deficit_MW Input features Represent imbalance risk 
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Derived Features rolling statistics, variability 

metrics 

Engineered fea-

tures 

Improve model robustness and 

stability 

Target Variable power (MW) Output PV generation prediction 

 

The selected features represent temporal patterns, physical drivers, and economic sig-

nals relevant for forecasting and decision-making. Factors such as panel degradation, 

shading effects, or localized disturbances are not explicitly included, as the focus is on 

system-level modeling. 

3.3 Probabilistic Forecasting Framework 

The dataset supports multi-horizon forecasting within the proposed PV–BESS framework. 

Three forecast horizons are considered: day-ahead (D1), two-day-ahead (D2), and three-

day-ahead (D3), enabling analysis of uncertainty propagation and forecast degradation 

with increasing lead time (Smyl et al., 2026).PV generation is modeled using a 

probabilistic approach based on conditional quantiles in the range 𝑞05–𝑞95. This allows 

construction of prediction intervals and scenario trajectories used in planning and 

operational optimization (Visser et al., 2024; Wang et al., 2026). Model training is 

performed using quantile regression with the pinball loss function, enabling estimation 

of calibrated predictive distributions without strong distributional assumptions 

(Mystakidis et al., 2024). This is particularly suitable for PV generation, where 

uncertainty is non-Gaussian and driven by weather variability. Quantile outputs are 

transformed into representative scenarios (lower, median, upper) to enable efficient 

propagation into downstream decision-making stages (Sun et al., 2020). Forecast 

performance is evaluated using coverage probability and interval width, ensuring both 

calibration and sharpness (Wang et al., 2026). The forecasting configuration is 

summarized in Table 4. 

Table 4.  Phase-1 Forecasting Configuration and Data Structure 

Component Variables / Description Role in Framework 

Input Features Temporal, meteorological, historical PV, 

market variables 

Provide explanatory variables for 

forecasting model 
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Target Variable PV power (MW) Forecast output 

Forecast Type Probabilistic (quantile-based, q05–q95) Represent uncertainty 

Forecast Horizons D1, D2, D3 Capture multi-horizon uncertainty 

propagation 

Training Method Quantile regression (pinball loss) Estimate conditional quantiles 

Output Represen-

tation 

Prediction intervals and scenarios Input to planning and dispatch 

Scenario Reduc-

tion 

Lower, median, upper trajectories Reduce computational complexity 

Evaluation Met-

rics 

Coverage probability, interval width Assess calibration and sharpness 

 

3.4 Optimization and Simulation Methodology 

The proposed methodology integrates planning and operational decision-making within 

a multi-stage optimization framework (Zhu et al., 2026; Das et al., 2025). 

3.4.1 Planning Optimization 

The planning stage determines the optimal battery energy storage system (BESS) config-

uration by evaluating candidate designs across power capacity, energy capacity, and du-

ration. Uncertainty in PV generation is represented through scenario sets derived from 

the probabilistic forecasting framework (Section 3.3) (Sun et al., 2020). Each configura-

tion is evaluated using a risk-aware objective combining expected annual profit, Net Pre-

sent Value (NPV), and Conditional Value-at-Risk (CVaR) at a 95% confidence level. CVaR 

captures extreme adverse outcomes and provides a coherent risk measure for energy 

market applications (Rockafellar & Uryasev, 2000; Wang et al., 2024). The selected con-

figuration (2 MW / 2 MWh) reflects a balance between profitability and risk under the 

considered conditions. 

3.4.2 Operational Dispatch Optimization 

The operational stage simulates system behavior using the selected BESS configuration. 

The dispatch problem is formulated as a constrained optimization model solved 
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sequentially over discrete time steps, consistent with rolling-horizon energy manage-

ment strategies (Conejo et al., 2010). At each time step 𝑡 , decision variables include 

charging power, discharging power, and reserve allocation. Constraints include battery 

limits, point-of-connection (PoC) export limits, and reserve requirements. The objective 

maximizes economic returns considering energy revenue, reserve revenue, imbalance 

penalties, and battery degradation costs (Yang et al., 2024; Amorim et al., 2024).  

3.4.3 Time-Stepped Simulation Framework 

System operation is simulated over the study horizon using a 15-minute time-stepped 

framework. At each time step: 

• Retrieve probabilistic forecast inputs (Section 3.3)  

• Update system states (e.g., state-of-charge)  

• Solve dispatch optimization  

• Apply charging, discharging, and reserve decisions  

• Record performance indicators  

The rolling-horizon structure enables adaptation to updated forecasts and system con-

ditions, ensuring consistent propagation of forecast uncertainty into operational deci-

sions (Conejo et al., 2010; Das et al., 2025). 

3.4.4 Integrated Methodological Workflow 

As shown in Fig. 2, the framework follows a structured pipeline from data ingestion to 

forecasting, optimization, and performance evaluation. The integration of these compo-

nents ensures that uncertainty captured at the forecasting stage is consistently propa-

gated into planning and operational decision-making. This unified workflow enables co-

ordinated decision-making across multiple layers: 

Raw Data → Forecasting → Planning → Dispatch → Evaluation. 
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Figure 2. Overall Methodological Workflow 

3.5 Performance Evaluation and Implementation Framework 

System performance is evaluated using a structured set of operational, economic, stra-

tegic, and technical metrics derived from the mathematical formulation in Section 4, en-

suring consistency between system modeling, optimization, and evaluation. Operational 

performance is characterized by exported energy, curtailment, and imbalance, capturing 

system behavior under uncertainty and grid constraints, while economic performance is 

quantified through energy market revenue, reserve market revenue, imbalance penal-

ties, battery degradation cost, and net profit, reflecting financial outcomes of system 

operation. Strategic performance is assessed using Net Present Value (NPV) and Condi-

tional Value-at-Risk (CVaR, 95%), enabling evaluation of long-term investment viability 

and downside risk exposure, whereas technical performance is represented by energy 

throughput and equivalent full cycles, capturing battery utilization and degradation. All 

metrics are computed at each time step and aggregated over the simulation horizon. 

Table 5 summarizes the selected metrics, providing a unified and decision-oriented eval-

uation basis for analyzing trade-offs between profitability, risk exposure, and operational 

efficiency. The framework is implemented as a modular computational pipeline integrat-

ing data processing, probabilistic forecasting, planning optimization, operational dis-

patch, and performance evaluation, with validation procedures ensuring data integrity 

and scenario consistency. The modular structure supports scalability and real-time inte-

gration through API-based data acquisition from platforms such as Nord Pool, ENTSO-E, 

Fingrid, Finnish Meteorological Institute, and NASA POWER, enabling the development 
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of a digital twin environment for real-time monitoring, probabilistic forecasting, and 

adaptive operational decision-making. 

Table 5.  Performance Evaluation Metrics 

Category Metric Description 

Operational Exported Energy Total energy delivered to grid 

Curtailment Unused PV generation due to constraints 

Imbalance Deviation between scheduled and actual generation 

Economic Energy Revenue Income from energy market participation 

Reserve Revenue Income from ancillary services 

Imbalance Cost Penalty due to forecast error 

Net Profit Total economic performance 

Strategic NPV Long-term investment viability 

CVaR (95%) Downside risk measure 

Technical Energy Throughput Total battery energy processed 

Equivalent Cycles Battery usage intensity 
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4 Problem Formulation and Proposed Framework 

4.1 System Modeling Overview 

This study considers a grid-connected photovoltaic (PV) power plant integrated with a 

battery energy storage system (BESS), operating under electricity market conditions with 

a constrained point-of-connection (PoC). The system is characterized by three interacting 

components: (i) uncertainty in PV generation, (ii) operational flexibility provided by en-

ergy storage, and (iii) economic signals derived from electricity markets. The objective 

of this chapter is to establish a unified mathematical framework that captures the inter-

actions between generation uncertainty, system constraints, and market participation. 

The formulation integrates probabilistic forecasting, battery operation, and market-

based decision-making within a consistent structure, enabling direct linkage between 

uncertainty, operational actions, and economic outcomes.  

The proposed framework is structured into multiple decision layers, including probabil-

istic forecasting, risk-aware planning, operational dispatch, and strategic evaluation, en-

suring consistent propagation of uncertainty from forecast inputs to planning and real-

time operational decisions. The overall structure of the multi-phase PV–BESS framework 

is summarized in Table 6 and illustrated in Fig. 3.  

Table 6.  Summary of the Multi-Phase Framework 

Phase Input Output Purpose 

Phase-1 PV + Weather Data Quantile Forecasts Uncertainty modeling 

Phase-2 Forecast Scenarios Optimal BESS Size Risk-aware planning 

Phase-3 Forecast + BESS Dispatch Decisions Market optimization 

Phase-4 Dispatch Results NPV, IRR, KPIs Strategic evaluation 

Phase-5 Real-Time Data Control Actions Digital twin operation 
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Figure 3. Overall Architecture of the Proposed Multi-Phase PV–BESS Framework. 

 

4.2 Probabilistic PV and Imbalance Modeling 

Photovoltaic (PV) generation is inherently uncertain due to variability in meteorological 

conditions. To represent this uncertainty, a probabilistic forecasting approach is adopted 

using conditional quantiles. Let: 

𝑄̂𝜏,𝑡, 𝜏 ∈ 𝒯                                                               (1) 

denote the predicted PV generation quantile at time 𝑡, where: 

𝒯 = {0.05,0.10,0.20,0.25,0.30,0.40,0.50,0.60,0.70,0.80,0.90,0.95}        (2) 

The median forecast is: 

𝑃𝑝𝑣,𝑡
𝑚𝑒𝑑 = 𝑄̂0.50,𝑡                                                           (3) 

Prediction intervals are defined as: 

[𝐿90𝑡 , 𝑈90𝑡] = [𝑄̂0.05,𝑡, 𝑄̂0.95,𝑡]                                       (4) 

[𝐿80𝑡 , 𝑈80𝑡] = [𝑄̂0.10,𝑡, 𝑄̂0.90,𝑡]                                       (5) 

To enable tractable optimization, representative scenarios are constructed as: 

𝑃𝑝𝑣,𝑡
− ,  𝑃𝑝𝑣,𝑡

(0)
,  𝑃𝑝𝑣,𝑡

+                                                      (6) 

corresponding to pessimistic, median, and optimistic PV generation levels derived from 

the quantile structure (Teixeira et al., 2024; Sun et al., 2020). 
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4.2.1 Imbalance Modeling 

The committed power 𝑏𝑡is equivalent to the scheduled export 𝑃𝑡
𝑠𝑐ℎ𝑒𝑑, and both nota-

tions are used interchangeably in the formulation Electricity market participation re-

quires advance commitment of generation. The system submits a scheduled export 

𝑃𝑡
𝑠𝑐ℎ𝑒𝑑, while the actual export depends on scenario-based PV generation and battery 

operation. The realized export under scenario 𝑠is defined as: 

𝑃𝑠,𝑡
𝑎𝑐𝑡𝑢𝑎𝑙 = 𝑃𝑠,𝑡

𝑃𝑉 − 𝑃𝑠,𝑡
𝑐𝑢𝑟𝑡 − 𝑃𝑡

𝑐ℎ + 𝑃𝑡
𝑑𝑖𝑠                               (7) 

The resulting imbalance is: 

Δ𝑠,𝑡 = 𝑃𝑠,𝑡
𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑃𝑡

𝑠𝑐ℎ𝑒𝑑                                                    (8) 

This deviation is decomposed into surplus and deficit components: 

Δ𝑠,𝑡
+ = max(0, Δ𝑠,𝑡) , Δ𝑠,𝑡

− = max(0, −𝛥𝑠,𝑡)                                (9) 

where Δ𝑠,𝑡
+ represents overproduction and Δ𝑠,𝑡

− represents underproduction. The imbal-

ance cost is given by: 

𝐶𝑠,𝑡
𝑖𝑚𝑏 = Δ𝑠,𝑡

− ⋅ 𝜋𝑡
𝑢𝑝 + Δ𝑠,𝑡

+ ⋅ 𝜋𝑡
𝑑𝑜𝑤𝑛                                  (10) 

where 𝜋𝑡
𝑢𝑝and 𝜋𝑡

𝑑𝑜𝑤𝑛denote upward and downward regulation prices, respectively. In 

the absence of explicit imbalance prices, they are approximated as: 

𝜋𝑡
𝑢𝑝 = 𝛾𝑢𝑝 ⋅ 𝜋𝑡

𝑠𝑝𝑜𝑡, 𝜋𝑡
𝑑𝑜𝑤𝑛 = 𝛾𝑑𝑜𝑤𝑛 ⋅ 𝜋𝑡

𝑠𝑝𝑜𝑡                        (11) 

with 𝛾𝑢𝑝 > 1 and 𝛾𝑑𝑜𝑤𝑛 < 1 , reflecting higher penalties for underproduction. To cap-

ture extreme economic losses, Conditional Value-at-Risk (CVaR) is incorporated as a co-

herent risk measure widely used in stochastic optimization and energy system applica-

tions (Shapiro et al., 2021; Wang et al., 2024). The scenario loss is defined as: 

𝐿𝑠 = −Π𝑠                                                           (12) 

and the CVaR measure is: 

𝐶𝑉𝑎𝑅 = 𝜂 +
1

1 − 𝛽
∑ 𝑝𝑠

𝑠

𝑧𝑠                                       (13) 

subject to: 

𝑧𝑠 ≥ 𝐿𝑠 − 𝜂, 𝑧𝑠 ≥ 0                                                (14) 

where 𝛽is the confidence level, 𝜂represents the Value-at-Risk (VaR), and 𝑧𝑠captures ex-

cess loss beyond VaR. For clarity, deterministic notation is used in conceptual 
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explanations, while scenario index 𝑠is explicitly included in operational and stochastic 

formulations. This formulation explicitly links forecast uncertainty to imbalance penal-

ties and enables risk-aware operational decision-making. Additional details are pro-

vided in Appendix 1.  

4.3 Battery Energy Storage System Model 

The battery energy storage system (BESS) provides operational flexibility by enabling en-

ergy shifting, reserve provision, and mitigation of PV variability. Its behavior is modeled 

through state-of-charge (SOC) dynamics, operational constraints, and degradation rep-

resentation. 

4.3.1 State-of-Charge Dynamics 

The SOC evolution is defined as: 

𝑆𝑂𝐶𝑡+1 = 𝑆𝑂𝐶𝑡 + 𝜂𝑐𝑃𝑐ℎ,𝑡Δ𝑡 −
𝑃𝑑𝑖𝑠,𝑡

𝜂𝑑
Δ𝑡                                  (15) 

where 𝑆𝑂𝐶𝑡is the state of charge at time 𝑡, 𝑃𝑐ℎ,𝑡and 𝑃𝑑𝑖𝑠,𝑡denote charging and dis-

charging power, and 𝜂𝑐 , 𝜂𝑑are charging and discharging efficiencies. 

4.3.2 Operational Constraints 

The battery operates within physical and safety limits: 

𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶𝑡 ≤ 𝑆𝑂𝐶𝑚𝑎𝑥                                        (16) 

0 ≤ 𝑃𝑐ℎ,𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥 , 0 ≤ 𝑃𝑑𝑖𝑠,𝑡 ≤ 𝑃𝑏

𝑚𝑎𝑥                              (17) 

To avoid simultaneous charging and discharging, a linear relaxation is adopted: 

𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥                                         (18) 

This formulation ensures computational efficiency while maintaining physically feasible 

operation. 

4.3.3 Battery Sizing Context 

The battery size is determined in Phase-2 using a risk-aware optimization framework. 

While a wide design space (up to ~30 MW) is explored, the optimal configuration is: 
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𝑃𝑏
𝑚𝑎𝑥 = 2 MW, 𝐸𝑏

𝑚𝑎𝑥 = 2 MWh                                    (19) 

The duration is: 

ℎ𝑏 =
𝐸𝑏

𝑚𝑎𝑥

𝑃𝑏
𝑚𝑎𝑥 = 1 hour                                              (20) 

This selection reflects the trade-off between flexibility and cost under uncertainty. 

4.3.4 Degradation Modeling 

Battery degradation is approximated using energy throughput: 

𝐸𝑡
𝑡ℎ𝑟𝑜𝑢𝑔ℎ

= 𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡                                           (21) 

𝐶𝑑𝑒𝑔,𝑡 = 𝑐𝑑𝑒𝑔 ⋅ 𝐸𝑡
𝑡ℎ𝑟𝑜𝑢𝑔ℎ

⋅ Δ𝑡                                     (22) 

where 𝑐𝑑𝑒𝑔is the degradation cost coefficient. This approach captures cycling-related 

wear and is widely used in system-level optimization models (e.g., Yang et al., 2024; 

Amorim et al., 2024). 

4.4 Power Balance and Market Model 

4.4.1 Power Balance and Curtailment 

The system must satisfy power balance at each time step and under each scenario 𝑠: 

𝑃𝑠,𝑡
𝑃𝑉 − 𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡 = 𝑃𝑠,𝑡

𝑔𝑟𝑖𝑑
+ 𝑃𝑠,𝑡

𝑐𝑢𝑟𝑡                (23) 

where 𝑃𝑠,𝑡
𝑃𝑉is scenario-based PV generation, 𝑃𝑠,𝑡

𝑔𝑟𝑖𝑑
is exported power, and 𝑃𝑠,𝑡

𝑐𝑢𝑟𝑡repre-

sents curtailed energy. Curtailment is implicitly determined as: 

𝑃𝑠,𝑡
𝑐𝑢𝑟𝑡 = max (0,  𝑃𝑠,𝑡

𝑃𝑉 − 𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡 − 𝑃𝑠,𝑡
𝑔𝑟𝑖𝑑

) (24) 

4.4.2 Grid Export Constraint 

The exported power is limited by point-of-connection (PoC) 

𝑃𝑒𝑥𝑝,𝑡 ≤ 𝑃𝑃𝑜𝐶                                                          (25) 

where: 

𝑃𝑃𝑜𝐶 = 60 MW                                                (26) 

This constraint reflects real grid limitations and strongly influences system operation. 
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4.4.3 Scheduled and Actual Export 

Electricity market participation requires advance commitment through scheduled ex-

port: 

𝐸𝑡
𝑠𝑐ℎ𝑒𝑑 = 𝑃𝑡

𝑠𝑐ℎ𝑒𝑑 ⋅ Δ𝑡                                       (27) 

The actual export under scenario 𝑠is: 

𝐸𝑠,𝑡
𝑎𝑐𝑡 = 𝑃𝑠,𝑡

𝑔𝑟𝑖𝑑
⋅ Δ𝑡                                             (28) 

The mismatch between scheduled and actual export is: 

Δ𝑠,𝑡 = 𝐸𝑠,𝑡
𝑎𝑐𝑡 − 𝐸𝑡

𝑠𝑐ℎ𝑒𝑑                                      (29) 

This formulation enables explicit modeling of market commitments and deviations un-

der uncertainty. 

4.4.4 Electricity Market Model 

Energy Revenue 

The energy revenue of this proposed system is denoted as: 

𝑅𝑒𝑛𝑒𝑟𝑔𝑦,𝑡 = 𝐸𝑡
𝑎𝑐𝑡 ⋅ 𝜋𝑠𝑝𝑜𝑡,𝑡                                       (30) 

This represents revenue from energy sales in the spot market. 

Reserve Participation 

Reserve provision is constrained by battery power and energy availability: 

0 ≤ 𝑅𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥                                      (31) 

𝑃𝑑𝑖𝑠,𝑡 + 𝑅𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥                             (32) 

𝑆𝑂𝐶𝑡 ≥ 𝑆𝑂𝐶𝑚𝑖𝑛 + 𝑅𝑡 ⋅ Δ𝑡                    (33) 

These constraints ensure that sufficient power and energy headroom are maintained for 

reserve activation 

Reserve Revenue 

Reserve revenue of this proposed system is denoted as : 

𝑅𝑟𝑒𝑠𝑒𝑟𝑣𝑒,𝑡 = 𝑅𝑡 ⋅ 𝜋𝑟𝑒𝑠𝑒𝑟𝑣𝑒,𝑡                                      (34) 

This captures revenue from providing reserve capacity, enhancing system profitability 

Imbalance Cost 

Mismatch is decomposed into surplus and deficit components: 
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Δ𝑠,𝑡
+ = max(0, Δ𝑠,𝑡) , Δ𝑠,𝑡

− = max(0, −𝛥𝑠,𝑡)                         (35) 

The imbalance cost is defined as: 

𝐶𝑠,𝑡
𝑖𝑚𝑏 = Δ𝑠,𝑡

− ⋅ 𝜋𝑡
𝑢𝑝 + Δ𝑠,𝑡

+ ⋅ 𝜋𝑡
𝑑𝑜𝑤𝑛               (36) 

where: 

• 𝜋𝑡
𝑢𝑝: penalty for underproduction  

• 𝜋𝑡
𝑑𝑜𝑤𝑛: penalty for overproduction  

In the absence of explicit imbalance prices: 

𝜋𝑡
𝑢𝑝 = 𝛾𝑢𝑝 ⋅ 𝜋𝑠𝑝𝑜𝑡,𝑡, 𝜋𝑡

𝑑𝑜𝑤𝑛 = 𝛾𝑑𝑜𝑤𝑛 ⋅ 𝜋𝑠𝑝𝑜𝑡,𝑡                 (37) 

with 𝛾𝑢𝑝 > 1and 𝛾𝑑𝑜𝑤𝑛 < 1. 

Curtailment Cost 

Curtailment is penalized to discourage renewable energy loss: 

𝐶𝑠,𝑡
𝑐𝑢𝑟𝑡 = 𝑐𝑐𝑢𝑟𝑡 ⋅ 𝑃𝑠,𝑡

𝑐𝑢𝑟𝑡 ⋅ Δ𝑡                           (38) 

Battery utilization  

Battery utilization is quantified as: 

𝐸𝑡ℎ𝑟𝑜𝑢𝑔ℎ = ∑(

𝑡

𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡) ⋅ Δ𝑡            (39) 

 

Equivalent full cycles are defined as: 

𝑁𝑐𝑦𝑐𝑙𝑒𝑠 =
𝐸𝑡ℎ𝑟𝑜𝑢𝑔ℎ

2𝐸𝑏
𝑚𝑎𝑥                              (40) 

These metrics are used for degradation and lifecycle evaluation in the strategic layer. 

Additional explanations of market mechanisms and cost formulations are provided in 

Appendix 1. 

4.5 Optimization Problem and Strategic Evaluation 

4.5.1 Optimization Problem 

The objective of the PV–BESS system is to maximize operational profit by jointly consid-

ering energy market participation, reserve provision, imbalance penalties, and battery 

degradation costs. The profit at each time step is defined as 
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Π𝑠,𝑡 = 𝑅𝑡
𝑒𝑛𝑒𝑟𝑔𝑦

+ 𝑅𝑡
𝑟𝑒𝑠𝑒𝑟𝑣𝑒 − 𝐶𝑠,𝑡

𝑖𝑚𝑏 − 𝐶𝑡
𝑑𝑒𝑔

− 𝐶𝑠,𝑡
𝑐𝑢𝑟𝑡                     (41) 

The total profit over the simulation horizon is 

𝔼[Π] = ∑ 𝑝𝑠

𝑠∈𝑆

∑ Π𝑠,𝑡

𝑡

                                                  (42) 

To explicitly account for extreme downside risk, the optimization incorporates Condi-

tional Value-at-Risk (CVaR). The final objective function is formulated as: 

max(𝔼[Π] − 𝜆 ⋅ CVaR𝛽)                    (43) 

where: 

• 𝜆is the risk-aversion parameter,  

• 𝛽is the confidence level (e.g., 0.95).  

The CVaR term is defined as: 

CVaR𝛽 = 𝜂 +
1

1 − 𝛽
∑ 𝑝𝑠

𝑠∈𝑆

𝑧𝑠                 (44) 

The resulting optimization problem is formulated as 

max (∑ 𝑝𝑠

𝑠∈𝑆

∑ Π𝑠,𝑡

𝑡

− 𝜆 ⋅ CVaR𝛽)                  (45) 

subject to: 

• State-of-charge dynamics (15)  

• SOC limits (11)  

• Battery power limits (12–14)  

• Power balance constraints (19)  

• Grid export constraint (21)  

• Reserve constraints (27–29) 

This formulation defines a constrained optimization problem that determines optimal 

charging, discharging, reserve allocation, and export decisions. 
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4.5.2 Strategic Evaluation Link 

Operational performance is connected to long-term economic evaluation through Net 

Present Value (NPV), defined as 

𝑁𝑃𝑉 = ∑
Π𝑘

(1+𝑟)𝑘

𝑇

𝑘=0

− 𝐶𝑐𝑎𝑝𝑒𝑥                                   (46) 

where 𝑟is the discount rate and 𝐶𝑐𝑎𝑝𝑒𝑥represents the initial investment cost. 

The annual profit is computed as 

Π𝑎𝑛𝑛𝑢𝑎𝑙 = ∑ Π𝑡

𝑡

                                               (47) 

These metrics enable evaluation of economic viability and link short-term operational 

decisions with long-term investment outcomes. Implementation details of the optimiza-

tion framework and performance metrics are provided in Appendix 1. 

4.6 Proposed Multi-Phase PV–BESS Decision Framework 

The proposed PV–BESS system operates through a multi-phase decision framework that 

integrates probabilistic forecasting, risk-aware planning, operational dispatch, and stra-

tegic evaluation within a unified structure. This framework enables consistent propaga-

tion of uncertainty from forecast inputs to planning and real-time operational decisions. 

The overall structure of the framework is summarized in Table 6 (Section 4.1), which 

defines the role of each phase in the decision-making process and the overall 

architecture of the proposed framework is illustrated in Fig. 2 (Section 4.1). The 

integrated decision workflow is shown in Fig. 4. 
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Figure 4. Integrated Decision Workflow. 

The operational decision logic is presented in Fig. 5.  The framework consists of five in-

terconnected phases: probabilistic forecasting (Phase-1), risk-aware BESS sizing (Phase-

2), market-oriented dispatch (Phase-3), strategic evaluation (Phase-4), and digital twin-

based real-time operation (Phase-5). Outputs from each phase are sequentially propa-

gated to subsequent stages, ensuring coherence between uncertainty representation, 

system design, and operational control. Phase-5 extends the framework toward real-

time operation using a digital twin approach, enabling continuous state updating and 

adaptive decision-making under dynamic market and system conditions. 
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Figure 5. Decision Logic for PV–BESS Operation. 
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5 Integrated Simulation Results and Discussion  

5.1 Overview of the Simulation Results and Evaluation Scope 

This chapter presents the integrated simulation results of the proposed PV–BESS frame-

work, evaluating system performance across forecasting, planning, operational, and stra-

tegic layers. Building on the formulations in Chapters 3 and 4, the analysis demonstrates 

how uncertainty-aware decision-making influences both short-term operation and long-

term system value. A multi-phase structure is adopted, where uncertainty captured in 

forecasting is progressively propagated into planning, dispatch, and strategic evaluation. 

The focus is placed on result interpretation rather than model repetition, highlighting 

how different decision strategies respond to forecast uncertainty and system constraints. 

Performance is assessed across multiple forecast horizons D1 (24h), D2 (48h), and D3 

(72h) to systematically evaluate the impact of increasing uncertainty on economic out-

comes, operational efficiency, and storage utilization. Comparative analysis includes PV-

only operation, rule-based control, optimized dispatch, and a perfect-foresight bench-

mark, enabling clear identification of the value of control intelligence and forecast qual-

ity. The results address three key aspects: (i) propagation of forecast uncertainty across 

decision layers, (ii) trade-offs between aggressive and risk-aware storage utilization, and 

(iii) overall system-level value of integrated decision-making. 

5.2 Phase-1: Probabilistic Forecasting and Decision-Oriented Risk 

Evaluation 

5.2.1 Forecast Behavior and Uncertainty Across Horizons 

Figure 6 presents probabilistic PV forecasts for D1–D3, including median (P50) and un-

certainty intervals (P10–P90, P05–P95). The model consistently captures the diurnal gen-

eration pattern, with peak outputs around 60–70 MW. Forecast quality degrades with 

increasing horizon. In D1, the median closely tracks actual generation with narrow inter-

vals and high coverage. In D2, deviations increase and intervals widen, particularly dur-

ing high-variability periods. In D3, the forecast becomes smoother with reduced tracking 
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accuracy, while uncertainty bands expand significantly, in some cases ranging from near-

zero to above 60 MW. This trend reflects a clear trade-off: short-term forecasts are 

sharper and more reliable, whereas longer horizons exhibit higher uncertainty but 

broader variability coverage. The progressive widening of intervals highlights increasing 

meteorological uncertainty, directly affecting decision confidence and imbalance risk. 

Overall, the probabilistic framework effectively captures both generation dynamics and 

uncertainty evolution, providing decision-relevant inputs for subsequent risk-aware 

analysis. (Additional and detailed formulation of probabilistic forecasting and scenarios 

are presented in Appendix 2.)   

 

Figure 6. Multi-horizon probabilistic PV forecast behavior (D1–D3). 

 

5.2.2 Uncertainty Calibration and Error Structure 

The statistical reliability and error characteristics of the probabilistic forecasts are evalu-

ated in Figure 7, focusing on calibration accuracy and error distribution across horizons. 

The prediction interval coverage (Fig. 7a) remains close to nominal levels, with the 80% 

interval achieving approximately 0.90 (D1), 0.88 (D2), and 0.89 (D3), and the 90% interval 

within 0.90–0.93. The reliability curves (Fig. 7b) closely follow the ideal diagonal, 
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indicating well-calibrated probabilistic predictions with no significant bias across hori-

zons. Error metrics (Fig. 7c) show a clear horizon-dependent degradation. RMSE in-

creases from ~8.4 MW (D1) to ~12.9 MW (D3), while MAE rises from ~3.3 MW to ~6.2 

MW, confirming increasing uncertainty with forecast lead time. This behavior is further 

reflected in the ECDF (Fig. 7d), where D1 errors are concentrated at low magnitudes, 

whereas D3 exhibits a heavier tail, indicating a higher likelihood of large deviations. For 

clarity, the key calibration and accuracy metrics are summarized in Table 7. 

 

Figure 7. Calibration and error characteristics of probabilistic forecasts. 

Table 7.  Calibration and error metrics across forecast horizons 

Horizon RMSE (MW) MAE (MW) 80% PI Coverage 90% PI Coverage 

D1 ~8.4 ~3.3 ~0.90 ~0.93 

D2 ~9.8 ~4.6 ~0.88 ~0.90 

D3 ~12.9 ~6.2 ~0.89 ~0.92 

 

Overall, the results demonstrate that the model maintains good calibration while cap-

turing the growth of uncertainty and tail risk across horizons. These properties are 
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essential for downstream decision-making, as they enable both reliable probabilistic in-

terpretation and explicit quantification of operational risk. 

5.2.3 Risk–Cost Behavior under Uncertainty 

Forecast errors translate directly into economic risk, particularly through imbalance 

losses and extreme deficit events. Figure 8 illustrates this via the expected cost–CVaR 

frontier and loss exceedance curves under reliability- and value-oriented settings. In the 

reliability-oriented case (Fig. 8a), both expected cost and CVaR increase with horizon. D1 

remains relatively compact (cost <120, CVaR <155), while D2 and D3 exhibit wider dis-

persion, with CVaR extending beyond ~180–200, indicating strong growth in tail-risk ex-

posure. In contrast, the value-oriented case (Fig. 8b) shows lower CVaR (mostly <70) but 

a broader spread in expected cost (up to ~150–160), reflecting a shift toward average 

performance at the expense of risk protection. Loss exceedance curves further highlight 

policy differences. In both settings (Fig. 8c–d), the risk-aware policy (bid_rc) reduces ex-

treme-loss probability but shifts probability toward moderate losses. The expected value 

policy (bid_expected) achieves lower average losses but remains more exposed in the 

tail. Overall, increasing forecast horizons amplifies both expected cost and tail-risk dis-

persion, particularly under reliability-oriented penalties. The results confirm that mini-

mizing expected cost alone is insufficient; incorporating CVaR is essential to limit ex-

treme losses and ensure robust market participation. (Additional details risk and CvaR 

modelling are presented in Appendix 2)  

.  
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Figure 8. Risk–cost behavior under uncertainty. 

5.2.4 Decision Policy Impact under Asymmetric Penalties 

Figure 9 evaluates the impact of decision policies under asymmetric imbalance penalties, 

comparing the expected-value (bid_expected) and risk-aware (bid_rc) strategies. The re-

serve requirement distribution (Fig. 9a) shows that bid_rc leads to consistently lower 

and more concentrated reserve activation, while bid_expected exhibits a wider spread 

with occasional high requirements. This indicates reduced deficit-driven reserve activa-

tion under the risk-aware policy. The deficit exceedance curves (Fig. 9b) confirm this ef-

fect, where bid_rc significantly shortens the tail beyond ~0.10–0.15 MW, whereas 

bid_expected remains more exposed to extreme shortfall events. Time-series compari-

sons (Fig. 9c–e) further illustrate policy behavior. The expected value strategy tends to 

be overcommitted, particularly during peak periods, resulting in frequent deficits. In con-

trast, bid_rc adopts a conservative profile, maintaining commitments below actual gen-

eration and reducing deficit occurrences. This conservatism increases from D1 to D3, 

reflecting rising forecast uncertainty. This behavior is reflected in the average loss com-

parison (Fig. 9f). The risk-aware policy incurs higher mean losses (~5.5–6.8) compared to 
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the expected policy (~3.2–3.5), indicating that reduced tail risk comes at the expense of 

slightly higher average penalties. Overall, a clear trade-off emerges bid_expected mini-

mizes average loss but increases exposure to extreme deficits, whereas bid_rc enhances 

robustness by limiting extreme events and reserve requirements at a moderate cost in-

crease. These results highlight the critical role of decision policies in translating forecast 

uncertainty into operational outcomes. 

 

Figure 9. Decision policy impact under asymmetric penalties. 

5.2.5 System-Level Implications of Uncertainty-Aware Decisions 

 The system-level impact of uncertainty-aware decisions is summarized in Figure 10, 

highlighting energy variability, cumulative losses, and reserve behavior. Daily energy un-

certainty (Fig. 10a) remains high across all horizons at around ~200 MWh/day, with 
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variability increasing toward D3 (up to ~500 MWh/day), indicating persistent uncertainty 

propagation. This translates into higher cumulative losses over time (Fig. 10b), where 

the risk-aware policy reaches approximately ~70,000, compared to ~40,000 for the ex-

pected policy in D1. Across horizons (Fig. 10d), cumulative loss increases from D1 to D3, 

reaching ~85,000–90,000, confirming the compounding effect of uncertainty over longer 

decision horizons. The reserve–price interaction (Fig. 10c) shows that the expected pol-

icy is highly sensitive to price regimes, with peaks around ~0.0014 MW, whereas the risk-

aware policy maintains consistently lower and more stable reserve levels (<~0.0003 

MW). Overall, the results indicate a clear trade-off: the expected-value policy minimizes 

cumulative cost but is more sensitive to uncertainty, while the risk-aware approach in-

curs higher cost but provides greater stability and reduces exposure to extreme opera-

tional conditions.  Integrated performance summary of expected and risk-aware decision 

policies across forecast horizons are presented in Table 8. 

 

Figure 10. System-level implications of uncertainty-aware decisions. 
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Table 8.  Integrated performance summary of expected and risk-aware decision poli-

cies across forecast horizons 

Horizon Policy Avg. 

Loss 

CVaR 

Trend 

Failure Rate Reserve Re-

quirement 

Key Insight 

D1 Expected ≈ 3.2 High tail 

risk 

Moderate–

High 

Higher variabil-

ity 

Efficient on average but 

exposed to extreme defi-

cit events 

Risk-

aware 

≈ 5.5 Signifi-

cantly re-

duced 

Low Stable and con-

trolled 

Sacrifices average cost to 

ensure reliability and tail-

risk mitigation 

D2 Expected ≈ 3.4–

3.5 

Increasing 

tail risk 

High More volatile Forecast degradation in-

creases imbalance expo-

sure 

Risk-

aware 

≈ 6.8–

7.0 

Controlled Low–Mod-

erate 

More stable Maintains robustness un-

der increased uncertainty 

D3 Expected ≈ 2.9–

3.0 

Highest 

tail risk 

Highest Highly unstable Lowest average loss but 

operationally unreliable 

Risk-

aware 

≈ 6.5–

6.7 

Strongly 

reduced 

Moderate Controlled Ensures stability despite 

severe forecast uncer-

tainty 

5.3  Phase-2: Risk-Aware BESS Planning and Design Optimization 

5.3.1 Planning Objective and Scope 

 This section presents the planning stage of the framework, aiming to determine an op-

timal BESS configuration that balances economic value and risk under forecast uncer-

tainty. Using probabilistic outputs from Phase-1, multiple storage designs are evaluated 

through scenario-based simulations across D1–D3 horizons. Unlike deterministic sizing, 

the approach incorporates uncertainty explicitly, assessing performance under varying 

conditions to enable risk-aware capacity selection. Key system constraints, particularly 

the point-of-connection (PoC) export limit, are included due to their impact on curtail-

ment and storage value. The result is a single, operationally feasible BESS design that 

achieves a balanced trade-off between profitability, robustness, and utilization effi-

ciency, and is used as a fixed input in the Phase-3 dispatch analysis. 
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5.3.2   Design Exploration and Candidate Evaluation 

 The BESS planning stage is formulated as a structured design exploration problem, 

where multiple candidate configurations are evaluated to identify an optimal trade-off 

between economic performance and risk exposure. The design space includes variations 

in storage power rating, energy capacity, and duration, allowing systematic assessment 

of different flexibility levels. To ensure transparency and reproducibility, the candidate 

space is constructed as a discrete grid of configurations spanning practical operational 

ranges. Specifically, the analysis considers multiple combinations of power capacity 

(MW) and energy capacity (MWh), resulting in a diverse set of storage designs with dif-

ferent durations and utilization characteristics. In total, a comprehensive set of candi-

date configurations is evaluated under each forecast horizon (D1–D3), ensuring con-

sistent comparison across uncertainty levels. Each candidate design is assessed using the 

scenario-based evaluation framework introduced earlier, where probabilistic forecasts 

are used to simulate operational outcomes and quantify both expected performance and 

tail-risk exposure. The evaluation captures key indicators including annualized profit, im-

balance costs, and risk metrics, enabling a multi-dimensional comparison of design al-

ternatives. Given the large number of evaluated configurations, only the most relevant 

results and optimal trade-offs are presented in the main text, while the complete set of 

candidate combinations and detailed evaluation outputs are provided in Appendix 3 for 

completeness. This ensures both clarity in presentation and full methodological trans-

parency. 

5.3.3    Optimal BESS Design and Economic–Risk Trade-off 

The optimal battery configuration is determined by jointly evaluating economic perfor-

mance and downside risk across all candidate designs. The resulting selection patterns 

and trade-offs are illustrated in Figure 11 and Figure 12, respectively. 
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Figure 11. Optimal Design Trade-off Surface. 

 

Figure 12. Economic-risk trade-off of selected planning outcomes. 

Design convergence and structural patterns 

As shown in Figure 11, optimization exhibits a highly structured selection behavior. Two 

dominant solutions emerge across all evaluated scenarios: 

• a no-storage configuration (0,0), and  

• a compact BESS configuration (2 MW / 2 MWh, 1 h).  

The latter is selected in most cases (≈1656 instances), while the no-BESS solution appears 

in a smaller subset (≈288 instances), indicating that storage deployment is economically 
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justified under most conditions but not universally required. The distribution of selected 

parameters further reveals a strong concentration: 

• Power capacity converges to 2 MW, and  

• Energy capacity converges to 2 MWh (1-hour duration).  

This consistent outcome suggests that short-duration storage provides the most effec-

tive balance between cost and operational value, while larger capacities yield diminish-

ing marginal returns under the market and system constraints considered. 

Economic–risk trade-off characteristics 

The economic–risk relationship of the selected configurations is presented in Figure 

12(a). A clear trade-off is observed between net present value (NPV) and tail risk 

(CVaR 95): 

• NPV spans approximately €30–35 million,  

• CVaR ranges between €1.7–3.2 million/year.  

Higher-value configurations are associated with increased exposure to extreme imbal-

ance losses, reflecting the inherent tension between profit maximization and risk miti-

gation. Across forecast regimes: 

• the Qplus (optimistic) regime achieves the highest NPV (~€35M) but exhibits 

higher CVaR,  

• the Qminus (conservative) regime reduces CVaR at the expense of lower eco-

nomic returns (~€33–34M).  

Distributional results in Figure 12(b–d) confirm this pattern, showing a rightward shift in 

profit distribution accompanied by a widening risk distribution under more aggressive 

operating assumptions. 

Selected optimal configuration 

Based on this trade-off, the optimal configuration corresponds to the Qplus–D1 case, 

which achieves the highest economic value while maintaining acceptable risk exposure. 

The detailed parameters are summarized in Table 9. 
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Table 9 Optimal BESS Configuration 

Parameter Value 

Lead Time D1 

Forecast Regime Qplus 

Architecture Aggregated Central 

BESS Power (MW) 2.0 

BESS Energy (MWh) 2.0 

Duration (h) 1.0 

NPV (EUR) 35,026,066 

Expected Profit (EUR/year) 4,179,650 

CVaR 95 (EUR/year) 2,379,185 

CAPEX (EUR) 640,000 

 

Interpretation and implications 

The selected configuration deliveries: 

• high annual profitability (~€4.18M/year),  

• strong long-term value creation (~€35M NPV), and  

• controlled downside risk (~€2.38M CVaR).  

Notably, increasing storage capacity beyond this level does not yield proportional eco-

nomic gains, while significantly increasing risk exposure. This indicates that optimal siz-

ing is governed by marginal value saturation rather than capacity maximization. The re-

sults demonstrate that: 

The optimal BESS design emerges from a balance between economic return and tail-

risk exposure, rather than from maximizing storage capacity or utilization. 

 

5.3.4    Validation and Robustness of the Selected Design 

 The robustness of the selected BESS configuration is evaluated by examining its stability 

and sensitivity across all simulated scenarios. The results are presented in Figure 13.  The 

margin ratio distribution in Figure 13(a) indicates that the majority of candidate solutions 

exhibit values close to zero, implying that alternative designs provide only marginal im-

provements over the selected configuration. A limited number of outliers with higher 
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margin ratios are observed, but these occur infrequently and do not alter the overall 

optimal selection. The stability analysis in Figure 13(b) shows that the selected design 

remains unchanged across all evaluated scenarios within the considered dataset, with 

no observed instances of design switching. This suggests that the optimization consist-

ently converges to the same solution under the examined conditions. 

 

Figure 13. Validation and robustness of the selected BESS configuration. 

These results demonstrate that the identified configuration is not only economically op-

timal but also structurally robust. The absence of competing near-optimal solutions and 

the complete stability across scenarios indicate a well-defined and reliable design choice. 

Key insight: 

The optimal BESS configuration is highly stable, with negligible sensitivity to scenario 

variations, confirming its robustness for downstream operational deployment 

 

5.3.5    Key Planning Insights and Transition to Operation 

Phase-2 results converge to a consistent optimal design: a 2 MW / 2 MWh (1-hour) BESS, 

selected across all scenarios. This configuration achieves strong economic performance 

(NPV ≈ €35M, profit ≈ €4.18M/year) with controlled risk (CVaR 95 ≈ €2.38M/year). The 

analysis shows that increasing storage capacity beyond this level yields limited additional 

value while increasing risk exposure. Combined with the robust results, the selected de-

sign is both economically efficient and structurally stable. 

These findings indicate that optimal sizing is driven by marginal value saturation, where 

a compact BESS captures most of the achievable benefit. 
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Transition to Phase-3 

The selected configuration is adopted in Phase-3 for operational analysis, ensuring 

consistency between forecasting, planning, and dispatch. The next phase evaluates how 

this design performs under market-based, uncertainty-aware operation.  

Key insight: 

A compact and robust BESS design provides the most effective bridge between 

planning-level optimization and real-time operational performance. 

 

5.4  Phase-3: Operational Results 

5.4.1 Operational Performance 

Figure 14 compares curtailment, actual export, and imbalance cost for PV-only, rule-

based, and optimized controllers across D1–D3 horizons. 

 

Figure 14. Operational performance across controllers. 

Curtailment (Fig. 14a) is negligible for PV-only and rule-based strategies but increases 

significantly for the optimized controller, from ~3×10³ MWh (D1) to ~7×10³ MWh (D3). 

This reflects deliberate energy withholding under uncertainty. Actual export (Fig. 14b) is 

highest for PV-only and rule-based (~28,000–29,000 MWh at D1) and decreases with 

horizon. The optimized controller exports ~2,000–3,000 MWh less, indicating a shift to-

ward flexibility rather than full utilization. Imbalance cost (Fig. 14c) remains near zero for 

baseline strategies but is substantially higher for the optimized controller (~10⁵–10⁶ €), 

with a slight increase from D1 to D3 due to forecast degradation. Overall, the results 

highlight a clear trade-off: baseline strategies maximize energy, while the optimized 
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controller sacrifices export through curtailment to manage uncertainty-driven imbalance 

risk, with effects intensifying from D1 to D3. 

5.4.2 Economic Performance 

 Figure 15 evaluates net profit, value margin, and revenue composition across control 

strategies and forecast horizons. 

 

Figure 15. Economic Performance comparison across controller and forecast horizons. 

Net profit (Fig. 15a) decreases with horizon for all strategies due to increasing forecast 

uncertainty. The rule-based strategy consistently achieves the highest profit (~1.5 M€ at 

D1, ~1.1 M€ at D3), followed closely by PV-only, while the optimized controller yields 

lower profits (~1.34 M€ → ~1.0 M€). This confirms that risk-aware operation reduces 

short-term profitability. Net value margin (Fig. 15b) remains near 100% for PV-only and 

rule-based strategies, indicating almost full conversion of revenue into profit. In contrast, 

the optimized controller shows a reduced margin (~76% at D1, dropping to ~72% at D2–

D3), reflecting additional costs from imbalance exposure and conservative dispatch. The 

revenue composition (Fig. 15c) shows that the optimized controller relies predominantly 

on energy revenue (~1.5 M€ at D1), with a smaller but consistent contribution from re-

serve markets (~0.15–0.2 M€). Both components decline with horizon, highlighting the 

impact of forecast degradation on market value extraction. Overall, the results indicate 

that while baseline strategies maximize immediate economic returns, the optimized con-

troller sacrifices profit and margin to incorporate uncertainty into decision-making. This 

reinforces the transition from purely profit-driven operation toward risk-aware eco-

nomic optimization under imperfect forecasts. 
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5.4.3 Regret and Value Capture Analysis 

Figure 16 quantifies the performance gap between real operation and the perfect 

foresight benchmark. Net-profit regret (Fig. 16a) is substantial across all horizons, rang-

ing from ~350 k€ (D3) to ~460 k€ (D2), indicating that forecast uncertainty leads to a loss 

of approximately 0.35–0.46 M€ compared to ideal operation. The highest regret at D2 

suggests that mid-horizon forecasts introduce the most unfavorable trade-offs between 

error magnitude and operational decisions. Value capture (Fig. 16b) further confirms this 

gap. PV-only and rule-based strategies retain high value capture (~89–90% at D1, de-

creasing to ~86–87% at D3), indicating near-optimal utilization under favorable assump-

tions. In contrast, the optimized controller achieves lower value capture (~76% at D1, 

dropping to ~71–72% at D2–D3), reflecting the cost of incorporating uncertainty into 

decision-making. Overall, the results show that uncertainty-aware optimization reduces 

achievable value relative to perfect foresight but provides a structured and realistic op-

erating strategy. The increasing degradation from D1 to D3 highlights the dominant im-

pact of forecast horizon on economic efficiency and underscores the importance of ac-

curate forecasting for minimizing regret. 

 

Figure 16. Regret and value capture relative to perfect foresight. 

5.4.4 Integrated Horizon-Wise Performance of the Optimized Controller 

Figure 17 consolidates the behavior of the optimized controller across forecast horizons, 

linking operational, economic, and technical indicators into a unified perspective. 
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Figure 17 Integrated Summary of Optimized Controller Behavior. 

Net profit (Fig. 17a) decreases from ~1.26 M€ (D1) to ~0.91 M€ (D3), confirming the 

increasing economic impact of forecast uncertainty. This reduction is directly associated 

with the export–curtailment trade-off shown in Fig. 17b, where exported energy de-

clines (~22,000 → ~17,000 MWh) while curtailment increases (~7,500 → ~14,800 MWh). 

This reflects a progressively conservative strategy as uncertainty grows. The imbalance–

cycling relationship in Fig. 17c highlights a non-linear response. Imbalance cost peaks at 

D2 (~450 k€) and decreases at D3 (~350 k€), while equivalent battery cycles vary be-

tween ~21–23.5 cycles. This indicates that mid-horizon operation induces the highest 

imbalance exposure, whereas longer horizons trigger stronger curtailment-based risk 

mitigation. 

To summarize these results, Table 10 provides a compact comparison of key indicators. 

Table 10 Compact comparison of key indicators 

Horizon Net Profit (M€) Export (MWh) Curtailment (MWh) Imbalance Cost (k€) Cycles 

D1 ~1.26 ~22,000 ~7,500 ~385 ~23.0 

D2 ~1.17 ~20,200 ~10,200 ~450 ~21.2 

D3 ~0.91 ~16,800 ~14,800 ~350 ~23.5 

Overall, the integrated results confirm that the optimized controller systematically shifts 

from energy maximization (D1) toward risk mitigation (D3). The peak imbalance at D2 

reveals a critical transition point where forecast uncertainty is large enough to induce 

errors but not yet fully mitigated by conservative operation. This section establishes the 

internal consistency of the optimization framework and provides a clear interpretation 
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of how uncertainty propagates through operational, economic, and technical dimen-

sions. 

5.4.5 Representative Daily Operation 

Figure 18 illustrates a representative daily operation of the optimized PV–BESS system 

under D1 forecasts. During peak generation, scheduled export reaches the PoC limit (60 

MW), resulting in curtailment as a deliberate risk-mitigation mechanism. The battery 

operates intermittently, charging during excess generation and discharging in response 

to price signals while maintaining reserve commitments. The SOC profile reflects discrete 

control actions under 15-minute resolution. Overall, the figure demonstrates how the 

optimized controller dynamically balances export, curtailment, storage operation, and 

market participation under uncertainty. 

 

FIGURE 18 Representative daily operation of optimized PV–BESS system under D1 fore-

cast 

 

5.4.6 Phase-3 Summary and Implications 

Phase-3 evaluates the operational performance of PV–BESS systems under forecast 

uncertainty, revealing consistent trade-offs across controllers and forecast horizons. 

Baseline strategies (PV-only and rule-based) maximize energy utilization and short-term 

profit, maintaining high value capture (~89–90%) with relatively low imbalance exposure 

because they operate more passively. In contrast, the optimized controller adopts a risk-

aware market-oriented strategy, resulting in reduced net profit (~1.15 → ~0.65 M€ from 
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D1 to D3), moderate increases in curtailment (~1,500 → ~2,200 MWh), and higher 

imbalance costs (~0.71 → ~1.07 M€). This higher imbalance cost reflects active market 

commitment under uncertainty rather than inferior operation. 

A key observation is the strong influence of forecast horizon. As uncertainty increases 

from D1 to D3, performance degrades systematically, with profit decreasing and 

imbalance exposure increasing. Unlike earlier assumptions, no mid-horizon peak is 

observed; instead, imbalance cost grows consistently with horizon, indicating 

progressively higher forecast-error impact. The results further show that curtailment acts 

as an active control mechanism rather than a pure loss, enabling the system to balance 

risk and operational flexibility. The optimized controller therefore sacrifices short-term 

profitability to manage uncertainty, reflecting a transition from deterministic to 

uncertainty-aware decision-making. 

Overall, Phase-3 confirms that forecast uncertainty is the dominant driver of operational 

and economic outcomes. While these results provide detailed short-term insights, they 

do not directly capture long-term system value. Therefore, Phase-4 extends the analysis 

by translating operational behavior into annualized strategic indicators, including 

economic viability and risk exposure. Additional Phase-3 results are provided in 

Appendix 4. 

5.5  Phase-4: Strategic Evaluation of PV–BESS under Uncertainty  

5.5.1 Strategic Evaluation Framework and Annualization 

This chapter extends the operational results of Phase-3 into a long-term strategic evalu-

ation by transforming dispatch-level outcomes into annualized system performance in-

dicators. The analysis compares three operational paradigms PV-only, rule-based, and 

the proposed risk-aware optimized controller across multiple forecast horizons (D1–D3), 

enabling assessment of how short-term decisions propagate into sustained system be-

havior. All settlement-level outputs, including export, curtailment, revenues, imbalance 

costs, degradation cost, and battery utilization are directly inherited from Phase-3 and 

scaled to annual values using a factor of 365/132. While cumulative metrics are annual-

ized, normalized indicators (e.g., value capture ratios) are preserved to ensure consistent 

interpretation of relative performance. The battery configuration is fixed from Phase-2, 
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ensuring that long-term results reflect a technically feasible and internally consistent sys-

tem design rather than re-optimized conditions. Unlike conventional studies that priori-

tize profit maximization or export enhancement, this chapter adopts a decision-oriented 

perspective. The objective is not to outperform all baselines in raw system-level metrics, 

but to evaluate how effectively battery flexibility is utilized under uncertainty. In partic-

ular, the proposed framework emphasizes selective and risk-aware operation, allowing 

the battery to act only when the expected value justifies the associated uncertainty and 

operational burden. To support this interpretation, additional efficiency-oriented indica-

tors are introduced, including value per cycle, throughput intensity, and imbalance cost 

intensity. These metrics complement traditional financial indicators by quantifying how 

efficiently value is extracted from storage usage rather than how much total value is pro-

duced. It is important to note that PV-only serves as a baseline without storage flexibility, 

while the rule-based strategy represents utilization-driven control. In contrast, the opti-

mized strategy represents efficiency-driven operation. Therefore, differences in perfor-

mance across metrics should be interpreted as reflecting distinct operational philoso-

phies rather than direct superiority in all dimensions. 

5.5.2 Annualized Operational Performance 

 The annualized results reveal a clear distinction between utilization-driven and effi-

ciency-driven operation. The rule-based strategy exhibits high cycling intensity, exceed-

ing 120 cycles/year under D1 and remaining above 100 cycles/year across all horizons. 

In contrast, the optimized strategy operates at approximately 60–65 cycles/year, indicat-

ing substantially more selective battery usage. Figure 19 compares the equivalent full 

cycles and the integrated balance-oriented score for the rule-based and optimized strat-

egies across forecast horizons. This reduction in cycling reflects the decision-oriented 

objective of the optimized controller, which avoids low-value actions under uncertainty. 

As a result, battery utilization is significantly lower without compromising overall opera-

tional consistency. The integrated balance-oriented score further highlights this differ-

ence. While the rule-based strategy achieves higher scores under short horizons due to 

aggressive operation, its performance declines with increasing uncertainty. The opti-

mized strategy maintains a more stable profile across D1–D3, indicating a more robust 
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balance between activity and decision reliability. Overall, the results show that higher 

battery usage does not necessarily translate into better performance. Instead, the opti-

mized strategy achieves more disciplined and efficient utilization of storage, preserving 

its selectivity advantage even as forecast uncertainty increases. 

 

Figure 19. Battery utilization and balance-oriented performance across forecast 

horizon 

5.5.3 Financial Performance and Investment Value 

The financial results show that the rule-based strategy achieves the highest annual net 

profit across all forecast horizons, driven by aggressive battery utilization. The optimized 

strategy yields lower profit, reflecting its selective and risk-aware operation. In contrast, 

the PV-only case consistently provides the highest NPV due to the absence of battery 

investment and degradation costs. Figure 20 shows the Strategic financial benchmark of 

annualized operating outcomes. 
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Figure 20. Strategic financial benchmark of annualized operating outcomes 

To understand the underlying reason for these differences,  summarizes the battery 

utilization and lifetime implications of the two storage-based strategies. 

Table 11 Battery lifetime and utilization summary 

Case Lead Annual cycles 

(cycles/year) 

Estimated years to 4000 

cycles 

Dominant lifetime 

driver 

Rule-

based 

D1 ~127 ~31.5 Cycle-dominant 

Rule-

based 

D2 ~115 ~34.8 Cycle-dominant 

Rule-

based 

D3 ~103 ~38.8 Cycle-dominant 

Optimized D1 ~64 ~62.5 Calendar-dominant 

Optimized D2 ~59 ~67.8 Calendar-dominant 

Optimized D3 ~65 ~61.5 Calendar-dominant 

 

Table 11 reveals that the higher profit of the rule-based strategy is achieved through 

significantly higher cycling intensity, leading to faster battery aging. In contrast, the 

optimized strategy operates at nearly half the cycling rate, substantially extending 

effective battery lifetime and reducing operational stress. 
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Overall, the results indicate that while rule-based control maximizes short-term financial 

returns, the optimized strategy achieves a more balanced trade-off between profitability 

and long-term asset sustainability. 

5.5.4 Renewable Integration and Environmental Impact 

The impact of storage on renewable utilization is strongly dependent on the control strat-

egy. As shown in Fig. 20, the rule-based approach achieves higher export and lower cur-

tailment, particularly under shorter forecast horizons, by aggressively shifting surplus PV 

generation. 

In contrast, the optimized strategy exhibits lower export and higher curtailment, reflect-

ing its decision-oriented operation in which battery actions are executed only when eco-

nomically justified under uncertainty. These differences directly translate into environ-

mental outcomes. Since avoided emissions are proportional to delivered renewable en-

ergy, the rule-based strategy yields higher CO₂ reduction, while the optimized strategy 

provides comparatively lower environmental benefit. This does not indicate inferior per-

formance, but rather a different operational priority that does not focus on maximizing 

energy shifting. 

Across both strategies, increasing forecast horizon (D1→D3) reduces export effective-

ness and increases curtailment, confirming that uncertainty limits the ability to convert 

available renewable energy into delivered output. 

5.5.5 Decision-Oriented Storage Efficiency 

The previous sections show that conventional metrics such as annual profit, export, and 

NPV do not consistently favor the optimized strategy. This section therefore shifts the 

evaluation from outcome quantity to decision quality, focusing on how effectively stor-

age flexibility is utilized under uncertainty.  

Value retention under uncertainty 

As shown in Fig. 21(a), the optimized strategy exhibits higher regret relative to perfect 

foresight compared to PV-only and rule-based operation. However, this is accompanied 

by a more controlled decision process. 
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More importantly, Fig. 21(b) shows that the optimized strategy maintains a substantial 

portion of attainable value, achieving consistent value capture across forecast horizons. 

While rule-based operation achieves slightly higher value capture, it does so through 

significantly more frequent battery actions. 

This indicates that the optimized strategy does not aim to maximize value extraction 

blindly, but rather to retain value selectively under uncertainty. 

Storage efficiency trade-off 

The fundamental difference between strategies becomes evident in Fig. 22. 

As shown in Fig. 22(a), the optimized strategy exhibits non-zero imbalance cost intensity, 

reflecting its participation in risk-aware decision-making, whereas the rule-based strat-

egy maintains near-zero imbalance cost by avoiding such exposure 

 

Figure 21. Uncertainty benchmarking  

However, the key result emerges in Fig. 22(b). The optimized strategy operates at signif-

icantly lower annual cycles while achieving substantially higher economic value per cycle. 

In contrast, the rule-based strategy occupies a regime of high cycling intensity but lower 

value extraction per cycle. 

This establishes a clear efficiency frontier: 

• Rule-based → high activity, lower value density  

• Optimized → low activity, higher value density  
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• Integrated storage-efficiency assessment 

This behavior is summarized in Table 12, which compares storage utilization and effi-

ciency metrics across strategies and forecast horizons. The optimized strategy consist-

ently demonstrates: 

• lower cycling intensity,  

• reduced throughput burden,  

• higher value per cycle, and  

• improved storage-control quality.  

These results confirm that the optimized controller does not maximize the number of 

battery actions, but rather maximizes the value extracted per action. 

 

Figure 22. Storage efficiency trade-off 

Table 12 Storage-efficiency comparison between rule-based and optimized strategies 

Lead Strat-

egy 

Annual 

Cycles 

Throughput 

Intensity 

Value 

per Cycle 

Imbalance 

Cost Inten-

sity 

Storage-

Control 

Quality 

Long-Term 

Storage Effi-

ciency 

D1 Rule-

based 

High Higher Lower 0 Lower Lower 
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D1 Opti-

mized 

Lower Lower Higher Positive Higher Higher 

D2 Rule-

based 

High Higher Lower 0 Lower Lower 

D2 Opti-

mized 

Lower Lower Higher Positive Higher Higher 

D3 Rule-

based 

High Higher Lower 0 Lower Lower 

D3 Opti-

mized 

Lower Lower Higher Positive Higher Higher 

 

Interpretation 

This section fundamentally reframes the evaluation of PV–BESS operation. If perfor-

mance is measured solely by total annual profit or export, the optimized strategy does 

not dominate. However, when evaluated through a decision-oriented lens, it becomes 

clear that the optimized framework enables more efficient and disciplined use of storage 

under uncertainty. 

Thus, the primary contribution of the proposed approach is not increased activity, but 

improved quality of storage utilization, where fewer decisions produce higher value and 

lower system stress. 

5.5.6 Strategic Benchmarking and Final Insight 

The Phase-4 results confirm that no single strategy dominates across all performance 

dimensions, and that evaluation outcomes depend strongly on the chosen objective. 

From a financial perspective, the PV-only case provides the highest NPV due to the ab-

sence of storage-related costs. The rule-based strategy achieves the highest annual profit, 

driven by aggressive battery utilization and enhanced short-term value capture. However, 

this performance is associated with high cycling intensity and lower storage-use effi-

ciency. The optimized strategy does not outperform in conventional metrics such as 

profit or export. Instead, its strength lies in decision-oriented performance, 
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characterized by lower cycling, controlled throughput, and higher value extracted per 

battery action. This reflects a fundamentally different operational philosophy based on 

selective and uncertainty-aware decision-making. 

 

 

Figure 23. Storage efficiency trade-off 

Fig. 23 provides an integrated view of the optimized strategy across financial, operational, 

and environmental dimensions. While profit and NPV decline with increasing forecast 

horizon, battery utilization remains stable and controlled. At the same time, higher cur-

tailment, export deficit, and CO₂ deficit highlight that the strategy does not prioritize 

aggressive energy shifting, but rather balanced and risk-aware operation. These results 

demonstrate that conventional system-level metrics capture value quantity, but fail to 

reflect value quality. By incorporating storage-efficiency and decision-oriented indicators, 

the evaluation reveals that fewer, well-selected actions can yield more efficient and sus-

tainable system behavior. Final insight: 
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PV-only is investment-efficient, rule-based is utilization-driven, and optimized is effi-

ciency-driven. The main contribution of this work is therefore a shift from maximizing 

output to maximizing decision quality and storage-use efficiency under uncertainty. 

5.6   Experimental Digital Twin Framework 

This phase presents an experimental digital twin that extends the proposed framework 

from offline analysis to real-time, closed-loop operation. Recent literature has high-

lighted the growing role of digital twins in PV-system monitoring, forecasting, and oper-

ational optimization (Elnosh et al., 2026). It integrates forecasting, optimization, and 

system monitoring into a unified platform, enabling continuous, data-driven decision-

making under uncertainty. The system combines real-time data ingestion, multi-horizon 

forecasting (D1–D3), decision-making, and monitoring within a single operational 

environment. Operating as a closed-loop system, the digital twin continuously updates 

decisions based on deviations between forecasts and actual conditions. Real-time inputs 

PV generation, battery state of charge (SOC), and market signals are processed alongside 

probabilistic forecasts to generate adaptive dispatch actions, ensuring both operational 

control and transparency. As illustrated on Fig. 24, the real-time operation layer 

translates forecast-informed decisions into actionable control signals. A multi-horizon 

live board (D1–D3) provides synchronized short- and longer-term system awareness, 

aligning immediate actions with expected future conditions. Continuous tracking of PV 

output, SOC trajectories, dispatch schedules, and market responses enables real-time 

validation, while next-interval forecasts support proactive adjustments. An action panel 

further ensures that charge, discharge, reserve, and idle decisions remain clearly defined 

and traceable. The data-driven decision layer (Fig. 25) enhances this process by integrat-

ing probabilistic forecasts with optimization outputs. Decisions are guided by forecast 

intervals, confidence levels, and uncertainty modes rather than deterministic values. The 

decision intelligence module links each action to its drivers PV availability, market signals, 

SOC constraints, and forecast uncertainty making system behavior interpretable. Addi-

tional features, including probabilistic readiness indicators and switching behavior anal-

ysis, provide insight into control stability and support performance evaluation. 
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FIGURE 24 Real-Time Operation using experimental Digital Twin 

Together, these layers form a deployable digital twin control system integrating forecast-

ing, optimization, and execution within a unified framework. The platform provides end-

to-end visibility of system states and dispatch actions, while its closed-loop structure en-

sures continuous alignment between forecasts, decisions, and operation. Operator in-

teraction, including manual override and adaptive control modes, enhances robustness, 

and detailed logging supports traceability and performance auditing. Overall, the digital 

twin enables a shift from static scheduling to intelligent, real-time PV–BESS operation, 

combining continuous system awareness, multi-horizon probabilistic forecasting, and ex-

plainable decision-making. 
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A key insight is that performance depends not only on optimization accuracy but on the 

tight integration of forecasting, uncertainty handling, and control execution, enabling 

proactive and adaptive operation under real-world uncertainty. Additional results from 

this section are attached in Appendix 5 

 

FIGURE 25 Data-driven Operation using experimental Digital Twin 
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6 Discussion and Conclusions  

The performance of PV–BESS systems is fundamentally governed by the interaction 

between forecast uncertainty, storage flexibility, and market participation. As 

uncertainty increases from day-ahead (D1) to three-day-ahead (D3) horizons, system 

behavior systematically shifts from efficiency-driven operation toward risk mitigation. 

This transition results in reduced profitability, increased curtailment, and higher 

imbalance exposure. Importantly, this behavior is nonlinear, with the two-day-ahead 

horizon (D2) exhibiting the highest imbalance cost (≈450 k€) and regret (≈0.46 M€), 

indicating a critical regime of maximum sensitivity to forecast error. These findings 

confirm that forecast uncertainty is a dominant driver of both operational and economic 

outcomes. A clear trade-off emerges between economic performance and robustness. 

Deterministic strategies maximize short-term profit (up to ≈1.5 M€ annually) but remain 

highly exposed to extreme imbalance events, whereas the proposed risk-aware strategy 

reduces tail-risk exposure through conservative dispatch decisions. This results in a 

moderate reduction in profit (≈10–20%) but significantly improves system stability under 

uncertainty. 

Although the optimized strategy does not achieve the highest short-term profit, it 

provides superior performance when evaluated from a decision-oriented and system-

level perspective. Specifically, the optimized approach significantly reduces tail-risk 

exposure, stabilizes operational behavior under uncertainty, and improves long-term 

asset efficiency through reduced cycling. In contrast, rule-based strategies achieve 

higher profit primarily through aggressive utilization but remain highly vulnerable to 

forecast errors and extreme imbalance events. Therefore, optimality in this context is 

not defined by maximum profit alone, but by the ability to balance economic return, risk 

exposure, and system reliability under uncertainty. In this context, probabilistic 

forecasting plays a central role by enabling explicit quantification of uncertainty and 

supporting informed, risk-aware decision-making. This establishes a direct and 

operational linkage between forecasting outputs and system-level decisions. 

The results further demonstrate that increased battery utilization does not necessarily 

translate into higher system value. The optimized strategy reduces cycling by 
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approximately 50% (≈60 cycles/year compared to ≈120 cycles/year for rule-based 

control) while maintaining competitive economic performance. This indicates that 

system value arises from selective, context-aware storage activation rather than 

continuous utilization. Reduced cycling also lowers degradation rates under the adopted 

modeling assumptions, highlighting the importance of efficiency-driven rather than 

utilization-driven operation. These findings confirm that forecast uncertainty not only 

shapes operational strategies but also indirectly influences long-term asset performance. 

From a planning perspective, the results consistently identify a compact BESS 

configuration (2 MW / 2 MWh) across the evaluated scenarios, achieving strong 

economic performance (≈ €4.18 M annual profit and ≈ €35 M net present value (NPV)) 

under controlled risk (≈ €2.38 M Conditional Value-at-Risk (CVaR)). This outcome 

indicates that system design is governed by marginal value saturation rather than 

capacity expansion, as larger storage capacities yield diminishing economic returns while 

increasing exposure to risk. Therefore, forecast uncertainty plays a critical role not only 

in operation but also in determining optimal system sizing. At the system level, the 

findings indicate that the long-term value of PV–BESS integration lies in selective, risk-

aware utilization of flexibility rather than maximum energy throughput. Forecast 

degradation across horizons (RMSE increasing from ≈8.4 MW to ≈12.9 MW) leads to 

higher imbalance costs and reduced value capture, confirming that forecast quality 

directly impacts economic performance. The experimental digital twin further 

demonstrates the feasibility of extending the framework toward real-time operation, 

enabling adaptive, data-driven control through the integration of forecasting, 

optimization, and monitoring layers. 

Despite these contributions, several limitations should be acknowledged. The analysis is 

based on a single Nordic PV system, which may limit generalizability to other climatic 

and market conditions. Furthermore, the dataset spans approximately 4.5 months 

(June–October 2025), capturing short-term variability but not full seasonal dynamics, 

particularly winter conditions typical of Nordic energy systems. As a result, annualized 

indicators such as NPV and long-term profitability are obtained through extrapolation 

and should be interpreted as indicative rather than definitive. Future work should 
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incorporate multi-seasonal or multi-year datasets to improve robustness and 

generalizability. Methodologically, the probabilistic forecasting framework relies on 

scenario reduction, which may not fully capture extreme events. The market modeling 

adopts simplified assumptions, and battery degradation is represented using a 

throughput-based approximation that does not explicitly account for temperature-

dependent effects. This limitation is particularly relevant in Nordic climates, where low 

ambient temperatures can significantly influence battery performance and aging. In 

addition, the digital twin remains at a prototype stage and does not yet address full 

deployment challenges, including latency, cybersecurity, and hardware integration. 

Overall, this study develops a unified, data-driven framework integrating probabilistic 

forecasting, risk-aware BESS sizing, and market-oriented operation within a single 

decision pipeline. The results demonstrate that probabilistic forecasting enhances 

operational decision-making by enabling uncertainty-aware control, that forecast 

uncertainty drives compact and robust storage sizing, and that effective PV–BESS 

operation requires balancing economic performance with risk exposure. Furthermore, 

the study quantifies the economic value of forecasting through its impact on imbalance 

cost, profitability, and system efficiency, while identifying selective storage utilization as 

a key operational principle. 

In conclusion, the value of PV–BESS systems lies not in maximizing utilization, but in 

intelligently managing uncertainty through coordinated, risk-aware decisions. This work 

establishes a structured and decision-oriented framework for renewable-integrated 

energy systems and provides a foundation for extending toward real-time, adaptive 

operation through digital twin integration. 
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Appendices 

Appendix 1. Additional information and interpretations of problem for-

mulation 

➢ Appendix A – Probabilistic Modeling and Scenario Generation 

This appendix provides additional details on the probabilistic representation of photo-

voltaic (PV) generation and the construction of representative scenarios used in the plan-

ning and operational optimization framework. 

The probabilistic forecasting model generates a set of conditional quantiles, 𝑄̂𝜏,𝑡, which 

describe the distribution of PV generation under uncertainty at time 𝑡 . The selected 

quantile range (𝑞05–𝑞95) captures both typical and extreme operating conditions, ena-

bling explicit representation of variability driven by meteorological uncertainty. 

To enable tractable integration into downstream optimization, the quantile outputs are 

reduced to a representative scenario set. In particular, three trajectories are constructed: 

𝑄𝑡
− = 𝑞10𝑡 , 𝑄𝑡

0 = 𝑞50𝑡 , 𝑄𝑡
+ = 𝑞90𝑡                                 (1.1) 

corresponding to pessimistic, median, and optimistic PV generation conditions, respec-

tively. These scenarios preserve the main uncertainty structure while significantly reduc-

ing computational complexity. Unless otherwise specified, equal scenario probabilities 

are assumed: 

𝑝𝑠 =
1

3
, 𝑠 ∈ {𝑄−, 𝑄0, 𝑄+}                                      (1.2) 

This reduced scenario representation is used consistently in both the risk-aware planning 

stage and the rolling operational dispatch model. Such scenario reduction approaches 

are widely adopted in stochastic energy system optimization because they provide a 

practical balance between uncertainty representation and computational tractability 

(Sun et al., 2020) 
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➢ Appendix B – Imbalance and Risk Modeling 

This appendix provides additional details on the modeling of imbalance costs and the 

incorporation of risk measures in the proposed framework. 

Imbalance arises from deviations between scheduled (committed) and actual electricity 

export. In the proposed model, the system submits a scheduled export 𝑃𝑡
𝑠𝑐ℎ𝑒𝑑, while the 

actual export depends on scenario-based PV generation and battery operation. The re-

alized export under scenario 𝑠is given by: 

𝑃𝑠,𝑡
𝑎𝑐𝑡𝑢𝑎𝑙 = 𝑃𝑠,𝑡

𝑃𝑉 − 𝑃𝑠,𝑡
𝑐𝑢𝑟𝑡 − 𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡                           (1.3) 

 

The resulting deviation is defined as: 

Δ𝑠,𝑡 = 𝑃𝑠,𝑡
𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑃𝑡

𝑠𝑐ℎ𝑒𝑑                                            (1.4) 

This deviation is decomposed into surplus and deficit components: 

Δ𝑠,𝑡
+ = max (0, Δ𝑠,𝑡), Δ𝑠,𝑡

− = max (0, −Δ𝑠,𝑡)                             (1.5) 

where Δ𝑠,𝑡
+ represents overproduction and Δ𝑠,𝑡

− represents underproduction. 

The imbalance cost is defined as: 

𝐶𝑠,𝑡
𝑖𝑚𝑏 = Δ𝑠,𝑡

− ⋅ 𝜋𝑡
𝑢𝑝 + Δ𝑠,𝑡

+ ⋅ 𝜋𝑡
𝑑𝑜𝑤𝑛                              (1.6) 

 

where 𝜋𝑡
𝑢𝑝 and 𝜋𝑡

𝑑𝑜𝑤𝑛 denote the upward and downward regulation prices. In the ab-

sence of explicit imbalance market data, these prices are approximated as: 

𝜋𝑡
𝑢𝑝 = 𝛾𝑢𝑝 ⋅ 𝜋𝑠𝑝𝑜𝑡,𝑡, 𝜋𝑡

𝑑𝑜𝑤𝑛 = 𝛾𝑑𝑜𝑤𝑛 ⋅ 𝜋𝑠𝑝𝑜𝑡,𝑡                  (1.7) 

with 𝛾𝑢𝑝 > 1 and 𝛾𝑑𝑜𝑤𝑛 < 1 , reflecting the higher penalty associated with underpro-

duction. 
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To quantify extreme economic losses under uncertainty, Conditional Value-at-Risk (CVaR) 

is incorporated within the optimization framework. The scenario loss is defined as: 

𝐿𝑠 = −Π𝑠                                                     (1.8) 

and the CVaR measure is given by: 

CVaR𝛽 = 𝜂 +
1

1 − 𝛽
∑ 𝑝𝑠

𝑠

𝑧𝑠                               (1.9) 

 

subject to: 

𝑧𝑠 ≥ 𝐿𝑠 − 𝜂, 𝑧𝑠 ≥ 0                                        (1.10) 

where 𝛽is the confidence level, 𝜂represents the Value-at-Risk (VaR), and 𝑧𝑠captures ex-

cess loss beyond VaR. 

This formulation explicitly links forecast uncertainty to economic penalties and enables 

scenario-dependent evaluation of operational risk. The integration of CVaR ensures that 

dispatch decisions remain robust against extreme imbalance events while maintaining 

overall economic performance. 

➢ Appendix C – Battery Modeling and Degradation Representation 

This appendix provides additional details on the battery energy storage system (BESS) 

modeling approach used in the study. 

The battery operation is represented using linear state-of-charge (SOC) dynamics, which 

describe the temporal evolution of stored energy: 

𝑆𝑂𝐶𝑡+1 = 𝑆𝑂𝐶𝑡 + 𝜂𝑐𝑃𝑐ℎ,𝑡Δ𝑡 −
𝑃𝑑𝑖𝑠,𝑡

𝜂𝑑
Δ𝑡                             (1.11) 

where 𝑃𝑐ℎ,𝑡and 𝑃𝑑𝑖𝑠,𝑡denote charging and discharging power, and 𝜂𝑐, 𝜂𝑑are the corre-

sponding efficiencies. 

The battery operates within physical and operational limits: 
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𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶𝑡 ≤ 𝑆𝑂𝐶𝑚𝑎𝑥                                     (1.12) 

0 ≤ 𝑃𝑐ℎ,𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥 , 0 ≤ 𝑃𝑑𝑖𝑠,𝑡 ≤ 𝑃𝑏

𝑚𝑎𝑥                           (1.13) 

To ensure feasible operation while maintaining computational tractability, a linear relax-

ation is adopted: 

𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥                                         (1.14) 

This avoids simultaneous extreme charging and discharging without introducing binary 

variables, enabling efficient large-scale optimization. 

Battery degradation is modeled using an energy throughput-based approach, where cu-

mulative charge and discharge energy represent cycling intensity: 

𝐸𝑡
𝑡ℎ𝑟𝑜𝑢𝑔ℎ

= (𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡)Δ𝑡                               (1.15) 

𝐶𝑑𝑒𝑔,𝑡 = 𝑐𝑑𝑒𝑔 ⋅ 𝐸𝑡
𝑡ℎ𝑟𝑜𝑢𝑔ℎ

                                 (1.16) 

 

where 𝑐𝑑𝑒𝑔is the degradation cost coefficient. This formulation captures the dominant 

effect of cycling on battery wear and is widely adopted in system-level optimization stud-

ies (Yang et al., 2024; Amorim et al., 2024). 

Overall, this modeling approach provides a balance between physical realism and com-

putational efficiency, making it suitable for scenario-based operational optimization un-

der uncertainty. 

This appendix provides additional clarification on the modeling of electricity market par-

ticipation within the proposed PV–BESS framework. 

The system simultaneously participates in energy and reserve markets, enabling value 

stacking. Energy market participation is based on spot price signals, where revenue is 

obtained from scheduled energy export: 

𝑅𝑒𝑛𝑒𝑟𝑔𝑦,𝑡 = 𝐸𝑡
𝑠𝑐ℎ𝑒𝑑 ⋅ 𝜋𝑠𝑝𝑜𝑡,𝑡                                       (1.17) 
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Reserve provision is constrained by both battery power capacity and state-of-charge 

(SOC) availability: 

0 ≤ 𝑅𝑡 ≤ 𝑃𝑏
𝑚𝑎𝑥 , 𝑃𝑑𝑖𝑠,𝑡 + 𝑅𝑡 ≤ 𝑃𝑏

𝑚𝑎𝑥 , 𝑆𝑂𝐶𝑡 ≥ 𝑆𝑂𝐶𝑚𝑖𝑛 + 𝑅𝑡Δ𝑡      (1.18) 

 

and generates additional revenue: 

𝑅𝑟𝑒𝑠𝑒𝑟𝑣𝑒,𝑡 = 𝑅𝑡 ⋅ 𝜋𝑟𝑒𝑠𝑒𝑟𝑣𝑒,𝑡                                   (1.19) 

 

The framework distinguishes between scheduled and actual export, enabling realistic 

modeling of market commitments: 

𝐸𝑡
𝑠𝑐ℎ𝑒𝑑 = 𝑃𝑡

𝑠𝑐ℎ𝑒𝑑Δ𝑡, 𝐸𝑠,𝑡
𝑎𝑐𝑡 = 𝑃𝑠,𝑡

𝑎𝑐𝑡𝑢𝑎𝑙Δ𝑡                         (1.20) 

 

Deviations between scheduled and realized export result in imbalance: 

Δ𝑠,𝑡 = 𝑃𝑠,𝑡
𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑃𝑡

𝑠𝑐ℎ𝑒𝑑                                        (1.21) 

 

which is penalized through asymmetric imbalance pricing: 

𝐶𝑠,𝑡
𝑖𝑚𝑏 = Δ𝑠,𝑡

− ⋅ 𝜋𝑡
𝑢𝑝 + Δ𝑠,𝑡

+ ⋅ 𝜋𝑡
𝑑𝑜𝑤𝑛                        (1.22) 

 

where upward regulation prices penalize deficits more strongly than surpluses. 

Curtailment represents unused renewable generation due to system or grid constraints 

and is treated as an economic loss: 



85 

𝐶𝑐𝑢𝑟𝑡,𝑡 = 𝑐𝑐𝑢𝑟𝑡 ⋅ 𝐸𝑠,𝑡
𝑐𝑢𝑟𝑡                                   (1.23) 

 

These formulations explicitly link forecast uncertainty, operational decisions, and market 

outcomes. By integrating energy trading, reserve provision, imbalance penalties, and 

curtailment losses, the framework provides a realistic and economically consistent rep-

resentation of PV–BESS operation in electricity markets. 

➢ Appendix E – Optimization and Solver Implementation 

This appendix provides additional details on the optimization framework and its numer-

ical implementation. 

The operational dispatch problem is formulated as a linear programming (LP) optimiza-

tion problem, where the objective combines expected economic performance and risk: 

max(𝔼[Π] − 𝜆 ⋅ CVaR)                                                (1.24) 

 

subject to system dynamics, operational constraints, and market participation rules de-

fined in the main formulation. 

To reflect real-world operation, the problem is solved using a rolling-horizon framework, 

where decisions are optimized over a finite horizon (e.g., 24 hours) but only the first 

control step is implemented. The system state is then updated, and the optimization is 

repeated at the next time step. This enables continuous adaptation to updated forecasts 

and system conditions, consistent with practical energy management strategies (Conejo 

et al., 2010). 

At each step: 

• The state-of-charge (SOC) is carried forward from the previous solution  

• Updated forecasts and market signals are incorporated  

• A new optimization problem is solved  
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The model is implemented using the PuLP library and solved with high-performance LP 

solvers such as HiGHS or CBC. The formulation remains linear by: 

• Relaxing binary charge/discharge constraints into convex constraints  

• Using linear representations of imbalance and degradation costs  

• Applying auxiliary variables for CVaR modeling  

This ensures: 

• Computational efficiency (fast solve times for large datasets)  

• Scalability to long time horizons and multiple scenarios  

• Numerical stability under varying operating conditions  

In the planning stage (Phase-2), a similar optimization structure is applied across a dis-

crete design space of battery configurations. Each candidate design is evaluated under 

multiple scenarios using: 

• Expected profit  

• Net Present Value (NPV)  

• Conditional Value-at-Risk (CVaR)  

This combined evaluation enables selection of a design that balances economic perfor-

mance and robustness under uncertainty. 

➢ Appendix F – Performance Metrics and Evaluation Details 

This appendix provides additional clarification on the performance metrics used to eval-

uate the PV–BESS system across operational, economic, and risk dimensions. 

Battery Utilization Metrics 

Battery utilization is quantified using energy throughput: 

𝐸𝑡ℎ𝑟𝑜𝑢𝑔ℎ = ∑(𝑃𝑐ℎ,𝑡 + 𝑃𝑑𝑖𝑠,𝑡)

𝑡

Δ𝑡                           (1.25) 
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and equivalent full cycles: 

𝑁𝑐𝑦𝑐𝑙𝑒𝑠 =
𝐸𝑡ℎ𝑟𝑜𝑢𝑔ℎ

2𝐸𝑏
𝑚𝑎𝑥                                               (1.26) 

 

These metrics capture the intensity of battery usage and serve as a proxy for degradation 

and lifecycle impact. 

Energy and System Output Metrics 

System performance is further evaluated using: 

• Total scheduled export: ∑ 𝐸𝑡
𝑠𝑐ℎ𝑒𝑑

𝑡
 

• Total actual export: ∑ 𝑝𝑠𝑠,𝑡  𝐸𝑠,𝑡
𝑎𝑐𝑡  

• Total curtailment: ∑ 𝑝𝑠𝑠,𝑡  𝐸𝑠,𝑡
𝑐𝑢𝑟𝑡 

• Mismatch volumes: ∑ 𝑝𝑠𝑠,𝑡  Δ𝑠,𝑡
+ , ∑ 𝑝𝑠𝑠,𝑡  Δ𝑠,𝑡

−  

where 𝑝𝑠represents scenario probabilities. 

Economic Performance Metrics 

The primary economic indicator is net profit, computed as: 

Π = ∑(𝑅𝑒𝑛𝑒𝑟𝑔𝑦,𝑡 + 𝑅𝑟𝑒𝑠𝑒𝑟𝑣𝑒,𝑡 − 𝐶𝑖𝑚𝑏,𝑡 − 𝐶𝑑𝑒𝑔,𝑡 − 𝐶𝑐𝑢𝑟𝑡,𝑡)

𝑡

    (1.27) 

 

In the stochastic setting, this is evaluated in expectation across scenarios: 

𝔼[Π] = ∑ 𝑝𝑠

𝑠

Π𝑠                                                       (1.28) 
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Additional revenue and cost components include: 

• Energy revenue  

• Reserve revenue  

• Imbalance cost  

• Degradation cost  

• Curtailment penalty  

Risk Metrics 

To quantify downside risk, Conditional Value-at-Risk (CVaR) is used: 

CVaR𝛽 = 𝜂 +
1

1 − 𝛽
∑ 𝑝𝑠

𝑠

𝑧𝑠                                     (1.29) 

 

subject to: 

𝑧𝑠 ≥ 𝐿𝑠 − 𝜂, 𝑧𝑠 ≥ 0                                                 (1.30) 

 

where: 

• 𝐿𝑠 = −Π𝑠is scenario loss  

• 𝛽is the confidence level  

• 𝜂is the Value-at-Risk (VaR)  

This metric captures expected losses under extreme adverse scenarios. 

Interpretation 

Together, these metrics enable: 

• Evaluation of operational efficiency (throughput, cycles, SOC behavior)  

• Assessment of economic performance (profitability and revenue streams)  

• Quantification of risk exposure (CVaR and imbalance costs)  
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This integrated evaluation framework ensures consistent comparison across different 

control strategies and forecast horizons while maintaining alignment with real-world 

system operation and market participation.  
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Appendix 2. Detailed Formulation and Extended Results of Phase-1 

➢ Probabilistic Forecasting Model Details 

The probabilistic forecasting framework is implemented using quantile regression to 

estimate the conditional distribution of photovoltaic (PV) generation. Instead of pro-

ducing a single deterministic forecast, the model generates multiple conditional quan-

tiles 𝑄̂𝜏,𝑡, which collectively approximate the predictive distribution of PV output under 

uncertainty. 

The quantile estimates are obtained by minimizing the pinball loss function: 

𝐿𝜏(𝑦𝑡, 𝑦̂𝑡) = {
𝜏(𝑦𝑡 − 𝑦̂𝑡), 𝑦𝑡 ≥ 𝑦̂𝑡

(1 − 𝜏)(𝑦̂𝑡 − 𝑦𝑡), 𝑦𝑡 < 𝑦̂𝑡
       (2.1) 

 

where: 

• 𝑦𝑡: observed PV output  

• 𝑦̂𝑡: predicted quantile  

• 𝜏 ∈ (0,1): quantile level  

The model is trained independently for multiple quantiles (e.g., 0.05, 0.10, 0.50, 0.90, 

0.95), enabling the construction of prediction intervals and capturing forecast uncer-

tainty. 

 

➢ Scenario Generation from Quantile Forecasts 

To enable decision-making under uncertainty, the probabilistic forecasts are trans-

formed into representative scenarios. 

A non-parametric scenario generation approach is adopted: 

• Number of samples: 𝑁 = 4000 

• Sampling method: inverse transform sampling  

• Distribution: reconstructed from quantile forecasts  

These samples represent possible realizations of PV generation and are used to evalu-

ate expected performance and tail-risk behavior. 
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For computational tractability, the full scenario set is reduced to a small number of rep-

resentative trajectories (e.g., pessimistic, median, optimistic), preserving the uncer-

tainty structure while enabling efficient optimization (Sun et al., 2020). 

 

➢ Decision Optimization Formulation 

In Phase-1, the objective is to determine the optimal scheduled export decision. The 

decision variable 𝑏𝑡represents the committed export, which corresponds to 𝑃𝑡
𝑠𝑐ℎ𝑒𝑑in 

the operational formulation of Phase-3. 

• Expected-Value Policy 

The expected-value-based decision minimizes the average imbalance cost: 

𝑏𝑡
𝑒𝑥𝑝 = arg min 

𝑏∈𝐵
𝔼[𝐿𝑡(𝑏)]                                (2.2) 

 

➢ Risk-Aware Policy (CVaR-Based) 

To control extreme losses, a risk-aware formulation is adopted: 

𝑏𝑡
𝑅𝐶 = arg min 

𝑏∈𝐵
(𝔼[𝐿𝑡(𝑏)] + 𝜆 ⋅ CVaR𝛼(𝐿𝑡(𝑏)))         (2.2) 

 

where: 

• 𝛼: confidence level  

• 𝜆: risk-aversion parameter  

• 𝐿𝑡(𝑏): loss function  

This formulation balances expected performance and robustness under uncertainty. 

 

➢ Decision Space 

The feasible decision space is discretized as: 

𝐵 = {𝑏1, 𝑏2, … , 𝑏𝐺}, 𝐺 = 61                            (2.3) 

 

uniformly spanning the feasible generation range. This discretization enables tractable 

evaluation of candidate decisions. 
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➢ Imbalance Modeling and Loss Function 

The imbalance between committed and actual generation is defined as: 

Δ𝑡 = 𝑦𝑡 − 𝑏𝑡                                                             (2.4) 

 

and decomposed into deficit and surplus components: 

𝑑𝑡 = max (𝑏𝑡 − 𝑦𝑡, 0), 𝑠𝑡 = max (𝑦𝑡 − 𝑏𝑡, 0)        (2.5) 

 

The loss function is defined as: 

𝐿𝑡 = 𝜆𝑟𝑒𝑠𝑒𝑟𝑣𝑒 ⋅ 𝑑𝑡 + 𝜆𝑠𝑝𝑖𝑙𝑙 ⋅ 𝑠𝑡                  (2.6) 

 

Two penalty configurations are considered: 

Case 𝜆𝑟𝑒𝑠𝑒𝑟𝑣𝑒 𝜆𝑠𝑝𝑖𝑙𝑙 

Reliability-oriented 3 1 

Value-oriented 1 3 

This formulation reflects asymmetric market penalties, where deficit conditions are 

typically more costly than surplus. 

 

➢ Performance Metrics 

The decision policies are evaluated using standard forecasting and risk metrics: 

• Root Mean Square Error (RMSE) 

RMSE = √
1

𝑁
∑(

𝑁

𝑡=1

𝑦𝑡 − 𝑏𝑡)2                 (2.7) 

 

• Mean Absolute Error (MAE) 

MAE =
1

𝑁
∑ ∣

𝑁

𝑡=1

𝑦𝑡 − 𝑏𝑡 ∣                   (2.8) 
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• Failure Rate 

Failure Rate = 𝑃(𝑏𝑡 > 𝑦𝑡)               (2.9) 

 

• Conditional Value-at-Risk (CVaR) 

CVaR𝛼 = 𝔼[𝐿 ∣ 𝐿 ≥ VaR𝛼]       (2.10) 

 

These metrics enable evaluation of both average performance and extreme risk expo-

sure. 

 

• Additional Diagnostic Results 

• Forecast Calibration 

Prediction interval coverage analysis shows: 

• D1 closely matches nominal coverage (≈90%)  

• D3 slightly overestimates uncertainty, indicating conservative forecasts  

 

• Error Distribution Behavior 

Empirical error distributions exhibit: 

• Right-skewness due to dominance of deficit events  

• Increasing tail heaviness with forecast horizon  

 

• Risk Distribution Characteristics 

Scenario-based analysis reveals: 

• Convex relationship between risk and cost  

• Increasing dispersion from D1 to D3  

• Concentration of extreme losses under deterministic policies  
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• Parameter Justification 

The selected parameters are grounded in established literature: 

• Monte Carlo sampling → Glasserman (2003)  

• CVaR formulation → Rockafellar & Uryasev (2000)  

• Risk-aversion trade-off → Deb (2011)  

• Power system applications → Conejo et al. (2010); Soroudi (2017)  

These choices ensure: 

• Numerical stability  

• Computational efficiency  

• Realistic representation of operational uncertainty  

 

• Summary of Appendix 

This appendix provides: 

• A complete probabilistic forecasting formulation  

• Scenario generation methodology  

• Decision optimization framework  

• Detailed performance metrics  

The derived decision policies form the conceptual foundation for the multi-scenario, 

risk-aware operational optimization developed in Phase-3, where scheduled export de-

cisions are integrated with battery operation and market participation. 
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Appendix 3. Extended Results for Phase-2: Risk-Aware BESS Planning 

➢ Design Space and Candidate Configurations 

The BESS planning problem is solved over a discrete design space including: 

• Power capacity (P): 0–30 MW (grid-based combinations)  

• Energy capacity (E): corresponding MWh levels  

• Duration: derived (0–4 hours equivalent)  

• Architectures:  

o Aggregated central  

o Block central  

o Block distributed  

A total of ~2000+ candidate configurations per scenario are evaluated across: 

• Forecast horizons: D1, D2, D3  

• Forecast regimes: Qminus, Q0, Qplus  

Each configuration is assessed using: 

• Expected profit  

• Net Present Value (NPV)  

• CVaR (95%)  

• Operational feasibility under PoC constraint  

 

➢ Extended Optimal Design Landscape (Fig. 11) 

Additional observations from Figure 11: 

• Two dominant configurations emerge:  

o (0,0): No BESS (~288 cases)  

o (2 MW / 2 MWh): Optimal BESS (~1656 cases)  

• Strong convergence behavior:  

o Power → 2 MW  

o Energy → 2 MWh  

o Duration → 1 hour  

• Architecture selection shows no dominant preference, indicating: 

System performance is primarily driven by sizing rather than topology. 
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➢ Economic–Risk Distribution (Fig. 12) 

Extended interpretation: 

• NPV range: €30M – €35M  

• CVaR range: €1.7M – €3.2M/year  

• Profit range: €3.5M – €4.2M/year  

Distribution characteristics: 

• Profit distribution is right-skewed  

• CVaR distribution shows multi-modal behavior  

• Higher NPV corresponds to increased tail risk  

Key insight: 

Economic gains increase with risk exposure, confirming a structured trade-off. 

 

➢ Sensitivity Across Forecast Regimes 

Appendix Table 1 Sensitivity Across Forecast Regimes 

Regime NPV (M€) Risk Behavior 

Qminus ~33–34 Lower risk 

Q0 ~34–35 Balanced 

Qplus ~35 Higher CVaR 

Interpretation: 

• Conservative regime reduces risk but limits value  

• Optimistic regime maximizes profit with increased exposure  

• Optimal design remains unchanged across regimes  

 

➢ Sensitivity Across Forecast Horizons 

Appendix Table 2 Sensitivity Across Forecast Regimes 

Horizon NPV (M€) Observation 

D1 ~35 Best performance 
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D2 ~32 Forecast degradation impact 

D3 ~35 Conservative recovery 

Key insight: 

Optimal sizing is robust to horizon changes despite uncertainty growth. 

➢ Architecture and Block-Limit Sensitivity 

The impact of block export limits (5–8 MW) and architectural configurations is analyzed 

across three performance dimensions: 

 

Appendix Figure 1 Architecture and block-limit sensitivity  

 

• NPV increases from ~€30.5M to ~€31.6M as block limit increases from 5 MW to 

≥7 MW, after which gains saturate  

• Reserve revenue decreases significantly for distributed architectures (from 

~€20k to ~€3k/year), indicating reduced reserve participation under relaxed con-

straints  

• Curtailment savings drop sharply (≈70 → 10 MWh/year), reflecting diminishing 

marginal benefit of flexibility  

Across all cases, the aggregated architecture exhibits stable performance, confirming 

that: 

Block-limit relaxation improves system value up to a threshold, beyond which bene-

fits become negligible 

 

➢ Grid Constraint and CAPEX Sensitivity 
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The influence of grid constraints and investment cost is evaluated through PoC limits 

(60–80 MW) and CAPEX multipliers (0.8–1.2): 

• NPV increases modestly (~€31.3M → €31.5M) with higher PoC limits  

• Expected profit improves slightly, indicating marginal operational benefit  

• CVaR remains nearly constant (~€2.38M/year), confirming risk invariance to grid 

capacity  

• CAPEX sensitivity is regime-dependent:  

o Qplus remains stable (~€33M → €33.1M)  

o Q0 decreases moderately (~€32.5M → €30M)  

o Qminus shows stronger decline (~€31.5M → €27M)  

This demonstrates that: 

Economic performance is moderately sensitive to constraints but strongly influenced 

by cost assumptions under conservative regimes 

 

Appendix Figure 2 Grid constraint and CAPEX sensitivity  

➢ Robustness and Stability Analysis (Fig. 13) 

Additional findings: 

• Margin ratio distribution:  

o Majority < 1 → minimal advantage of alternatives  

• Winner stability:  

o 100% consistency across all evaluated blocks  
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• No competing near-optimal designs observed  

The optimization landscape contains a clear global optimum, with negligible sensitivity 

to scenario variation. 

➢ Extended Optimal Configuration Details 

Appendix Table 3 Extended Optimal Congfiguration Details 

Parameter Value 

Power (P) 2 MW 

Energy (E) 2 MWh 

Duration 1 hour 

NPV €35.03M 

Expected Profit €4.18M/year 

CVaR (95%) €2.38M/year 

CAPEX €640k 

 

➢ Interpretability of Planning Decisions 

 

Feature importance analysis using permutation importance and SHAP values reveals the 

dominant drivers of planning outcomes: 

• Forecast regime (Qplus) is the most influential variable (~0.9 R² drop)  

• Lead time (D1) is the second most important (~0.7 R² drop)  

• Secondary factors:  

o Q0 and D2 contribute moderately  

o Qminus and D3 have minimal impact  

• System/design parameters (block limit, PoC, architecture, CAPEX) show negligi-

ble direct influence  

SHAP analysis confirms that: 

• Higher forecast optimism (Qplus) increases NPV  

• Shorter horizons (D1) improve decision quality  

• Structural parameters act as constraints rather than primary drivers 
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Appendix Figure 3 Interpretability of planning decisions  

 

➢ Additional Interpretation Drivers  

Interpretability analysis indicates: 

• Storage value is primarily driven by:  

o Imbalance cost reduction  

o Curtailment mitigation  

o Limited reserve participation  

• Marginal benefit decreases rapidly beyond 2 MW capacity  

 

➢ Summary Insight 

The extended analysis confirms that: 

• The optimal BESS configuration is small, compact, and efficient  
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• Increasing capacity leads to diminishing economic returns  

• Risk-aware optimization ensures balanced performance  

• The selected design is:  

o Economically optimal  

o Structurally stable  

o Robust across scenarios  

 

➢ Final Appendix Statement 

The Phase-2 appendix verifies that the selected BESS design is not only optimal under 

nominal conditions but also remains stable under extensive scenario exploration, con-

firming its suitability for downstream operational deployment 
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Appendix 4. Supplementary Results for Phase-3 (Operational Analysis) 

This appendix provides additional analyses supporting the main findings of Phase-3. 

These results offer deeper insight into forecast sensitivity and flexibility value, comple-

menting the core results presented in Sections 5.4.1–5.4.4 without introducing redun-

dancy. 

➢ Forecast Value of Operation under Increasing Lead Time 

Figure 1 analyzes how forecast horizon affects operational value. The net-profit drop (Fig. 

A1a) shows that increasing lead time leads to significant economic degradation, with 

losses of approximately ~90 k€ (D1→D2), ~360 k€ (D1→D3), and ~270 k€ (D2→D3). This 

confirms that forecast accuracy is a critical driver of system profitability. 

 

Appendix Figure 4 Forecast value degradation with increasing lead time 

The optimized lead sensitivity (Fig. 1b) further highlights the structural response of the 

controller. Net profit declines (~1.26 M€ → ~0.91 M€), while curtailment increases 

(~7,500 → ~15,000 MWh) from D1 to D3. This demonstrates that uncertainty is managed 

primarily through increased curtailment, reinforcing the role of conservative dispatch 

under longer horizons. 

➢ Flexibility Value Decomposition of Battery Operation 

Figure 2 provides a detailed breakdown of the value and cost structure of battery-sup-

ported dispatch. 
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The gross positive value (Fig. 2a) indicates that total system value is dominated by energy 

market revenue (~1.5–1.6 M€ at D1–D2), with reserve revenue contributing a smaller 

share (~0.1–0.2 M€). Both components decline at D3, reflecting reduced market effi-

ciency under uncertainty. 

 

Appendix Figure 5 Forecast value degradation with increasing lead time 

The cost burden (Fig. 2b) peaks at D2 (~450 k€) and decreases at D3 (~350 k€), aligning 

with the imbalance cost trends observed in the main results. This confirms that mid-

horizon operation introduces the highest economic penalties. 

Battery utilization (Fig. 2c) remains relatively stable across horizons (~47–50 equivalent 

cycles), indicating that the optimization redistributes operation strategies rather than 

significantly increasing usage intensity. 

➢ Key Takeaways from Supplementary Analysis 

The supplementary results reinforce three important insights: 

• Forecast horizon is the dominant driver of system performance, directly impact-

ing profit, curtailment, and cost.  

• D2 represents a critical transition regime, where imbalance cost and economic 

penalties are maximized.  

• Flexibility value is primarily energy-driven, while reserve participation provides 

secondary benefits under uncertainty.  

These findings support the conclusions of Phase-3 and provide additional evidence for 

the transition toward long-term strategic evaluation in Phase-4. 
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Appendix 5. Digital Twin Interface and Operational Outputs 

➢ Digital Twin Application Entry Interface 

The PV–BESS digital twin application is initialized through a unified entry interface, as 

shown in Appendix Fig.6. This interface allows the user to select the operational mode 

of the platform before execution. 

Two modes are available: 

• Live Mode: Enables real-time system operation using current data streams, sup-

porting continuous monitoring and adaptive dispatch decisions.  

• Data-Driven Mode: Allows replay of historical scenarios using a selected 

timestamp, enabling controlled analysis, validation, and demonstration of system 

behavior under predefined conditions.  

The Run App control activates the selected mode and initializes the full digital twin pipe-

line, including data ingestion, forecasting, optimization, and visualization layers. 

This interface serves as the gateway to the digital twin system, ensuring flexibility be-

tween real-time operation and offline analytical evaluation within a single platform. 

 

Appendix Figure 6 Digital Twin Interface 

 

➢ Digital Twin Control Center and Multi-Horizon Operation 
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Appendix Figure 7 presents the main control interface of the PV–BESS digital twin, re-

ferred to as the Control Center. This dashboard integrates forecasting outputs, optimi-

zation decisions, and system monitoring into a unified operational view across multiple 

planning horizons (D1, D2, and D3). 

• Multi-Horizon Live Board 

The Multi-Horizon Live Board provides real-time operational guidance for each horizon. 

It highlights immediate system actions and alerts, such as reserve activation require-

ments or potential emergency conditions. This enables proactive decision-making by 

identifying short-term risks and required interventions. 
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Appendix Figure 7 V–BESS Digital Twin Control Center (Real Time based) 

• Control Room Overview 

The Control Room Overview summarizes key system states for each horizon, including: 

• PV forecast ranges and central estimates  

• Market opportunity signals (energy vs reserve)  

• Dispatch decisions (e.g., reserve, discharge)  

• Risk levels (e.g., caution, alert)  

• Operator guidance messages  

This section functions as a high-level situational awareness panel, allowing rapid inter-

pretation of system conditions and decisions. 

• Quick KPI Snapshot 

The Quick KPI Snapshot provides real-time system indicators, including: 

• Current PV generation and export levels  

• Battery state of charge (SoC)  

• Spot market price  

• Market opportunity classification  

• Next planned operational mode  

These indicators enable fast evaluation of system performance and operational readi-

ness. 

• Operational Events and Logging 

The Latest Operator Events panel records recent dispatch actions and transitions across 

horizons, offering traceability of system behavior over time. This logging mechanism sup-

ports auditing and post-analysis of control decisions. 

• Probabilistic Readiness Summary 

The Probabilistic Readiness Summary aggregates forecast uncertainty across 24-hour, 

48-hour, and 72-hour horizons. It presents probabilistic PV ranges along with confidence 
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levels, enabling uncertainty-aware planning and reinforcing the integration of probabil-

istic forecasting into operational decision-making. 

 

➢ Detailed Horizon Analytics and Decision Intelligence 

Appendix Figure 8 illustrates the Detailed Horizon Analytics interface of the PV–BESS 

digital twin, focusing on real-time system status, decision logic, and dynamic operational 

behavior under uncertainty. 

• Digital Twin Status 

As shown in Figure A.2, the Digital Twin Status panel provides a real-time snapshot of 

system conditions, including: 

• Current PV forecast and probabilistic range (q10–q90)  

• Forecast uncertainty (prediction interval width)  

• Market signals (e.g., reserve offer)  

• System confidence level  

The system mode (e.g., Caution) reflects uncertainty-aware operational classification, 

guiding conservative or aggressive decision strategies. 

• Decision Intelligence Layer 

The Decision Intelligence module in Appendix Figure 8 explains the reasoning behind 

system actions in a transparent and interpretable manner. It includes: 

• Current operating mode (e.g., Reserve)  

• Risk level and market opportunity classification  

• Confidence level derived from probabilistic forecasts  

• Next planned action and execution time  

Additionally, the system provides explainable decision factors, linking actions to: 

• PV generation level  

• Market price signals  

• Battery state of charge (SoC) constraints  

• Forecast uncertainty  
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Appendix Figure 8 Detailed Horizon Analytics interface (Real-time based) 

This ensures that automated decisions remain interpretable, auditable, and aligned with 

operational objectives. 

• Real-Time Forecast and Market Visualization 

Figure A.2 further presents dynamic visualization panels, including: 

• PV Forecast vs Actual Generation, showing forecast accuracy and deviation  

• Rolling Market Board, capturing temporal evolution of market signals  

• Rolling Dispatch Commands, illustrating control actions over time  
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• State of Charge (SoC) Trend, reflecting battery response to dispatch decisions  

These visualizations demonstrate how the system continuously adapts to changing con-

ditions. 

• Short-Term Probabilistic Outlook 

The Next Intervals panel in Figure A.2 provides high-resolution short-term forecasts, in-

cluding: 

• Probabilistic PV generation ranges  

• Central forecast values  

• Confidence levels  

• Operational mode classification (e.g., Normal, Caution)  

This enables fine-grained, interval-level decision support. 

 

➢ Short-Term Interval Forecasting and Action Panel 

Appendix Figure 9 presents the Next Intervals forecasting module together with the 

Battery Charge/Discharge/Reserve Action Panel, providing fine-resolution operational 

insight for short-term decision-making. 

• Next Intervals Forecasting 

As shown in Appendix Figure 9, the Next Intervals panel displays high-resolution proba-

bilistic PV forecasts at short time steps (e.g., 15-minute intervals). For each interval, the 

system provides: 

• Lower and upper bounds of expected PV generation  

• Central forecast value  

• Confidence level (%)  

• Operational mode classification (e.g., Normal, Caution)  

This granular representation enables the system to capture rapid changes in solar gen-

eration and supports precise, interval-level decision-making. 
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Appendix Figure 9 Short-term interval forecasting and battery action panel 

• Battery Action Panel 

The Battery Charge/Discharge/Reserve Action Panel, also shown in Appendix Figure 9, 

summarizes scheduled and upcoming control actions generated by the dispatch opti-

mizer. It reflects: 

• Current action status within the rolling horizon  

• Planned operational actions (if any)  

• System response under existing constraints and forecasts  

In the illustrated case, no immediate non-idle action is scheduled, indicating that the 

system maintains a holding strategy under current conditions. 
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➢ Data-Driven Control Center Operation 

Appendix Figure 10 presents the PV–BESS digital twin operating in data-driven mode, 

where system behavior is evaluated using a selected historical timestamp. This mode 

enables controlled replay and validation of operational strategies under predefined con-

ditions. 

• Multi-Horizon Live Board (Replay Mode) 

As shown in Appendix Figure 10 , the Multi-Horizon Live Board provides synchronized 

decision outputs across D1, D2, and D3 horizons under historical conditions. In this sce-

nario, the system identifies a low battery state of charge (SoC) condition and prioritizes 

charging support across all horizons, demonstrating coordinated multi-horizon control 

behavior. 
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Appendix Figure 10 PV–BESS digital twin control center in data-driven mode 

• Control Room Overview 

The Control Room Overview in Appendix Figure 10 summarizes system states under re-

play conditions, including: 

• PV forecast ranges and central estimates  

• Market opportunity classification (energy-driven scenario)  

• Dispatch actions (e.g., idle, charge)  

• Risk levels and system status indicators  

• Operator guidance messages reflecting SoC constraints  

This provides a structured representation of how the system reacts to specific historical 

system states. 

• Quick KPI Snapshot 

The Quick KPI Snapshot, shown in Appendix Figure 10, highlights key operational indi-

cators: 

• Low battery SoC (critical condition)  

• Moderate PV generation levels  

• High spot market price (energy opportunity)  

• Next planned mode (idle or charge depending on horizon)  

These indicators illustrate the interaction between physical constraints and market sig-

nals. 

• Operational Events and Replay Logging 

The Latest Operator Events panel records dispatch transitions during the replay process, 

such as switching between charge, discharge, and idle states. This enables detailed anal-

ysis of system responsiveness and control consistency under historical scenarios. 

• Probabilistic Readiness Summary 
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The Probabilistic Readiness Summary in Appendix Figure 10 provides uncertainty-

aware forecasts for 24 h, 48 h, and 72 h horizons, showing that even in replay mode, the 

system maintains probabilistic decision support. 

 

➢ Data-Driven Detailed Analytics and Decision Intelligence 

Appendix Figure 11 presents the Detailed Horizon Analytics interface of the PV–BESS 

digital twin operating in data-driven mode, where system behavior is evaluated under a 

selected historical timestamp. This enables detailed analysis of decision logic and system 

response under controlled conditions. 

• Digital Twin Status (Replay Condition) 

As shown in Appendix Figure 11 , the Digital Twin Status panel provides a snapshot of 

system conditions based on historical data, including: 

• PV forecast and probabilistic range (q10–q90)  

• Forecast uncertainty (prediction interval width)  

• Market signals (e.g., reserve opportunity)  

• System confidence level  

The system operates under a Caution mode, reflecting moderate uncertainty and the 

need for risk-aware decision-making. 

• Decision Intelligence Layer 

The Decision Intelligence module in Appendix Figure 11 explains the system’s opera-

tional choice in a transparent manner. The replay scenario indicates: 

• Activation of reserve mode due to favorable reserve market conditions  

• Consideration of battery SoC near operational limits  

• Influence of moderate forecast uncertainty on conservative scheduling  

The explainable reasoning links decisions to: 

• PV generation level  

• Market signal dominance (reserve vs energy)  

• Battery constraints  
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• Uncertainty conditions  

This confirms that the decision framework remains consistent and interpretable under 

replay conditions. 

• Dynamic System Visualization 

Appendix Figure 11 includes multiple time-series visualization panels: 

• PV Forecast vs Actual, showing historical forecast alignment  

• Rolling Market Board, illustrating market signal evolution  

• Dispatch Commands, reflecting control actions over time  

• SoC Trend, showing battery response under historical dispatch  

These plots provide insight into how the system would have behaved dynamically under 

the selected scenario. 

• Short-Term Interval Forecasting 

The Next Intervals panel in Figure A.11 presents short-term probabilistic forecasts, in-

cluding: 

• PV generation bounds and central estimates  

• Confidence levels  

• Operational mode classifications  

This demonstrates that even in replay mode, the system maintains high-resolution, un-

certainty-aware decision support. 
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Appendix Figure 11 Data-driven detailed horizon analytics showing digital twin status 

 

➢ Battery Action Scheduling and Operational Stability Analysis 

Appendix Figure 12 presents the Battery Charge/Discharge/Reserve Action Panel to-

gether with switching behavior analysis and control interface, illustrating how optimiza-

tion outputs are translated into executable system actions. 

• Battery Action Scheduling 

As shown in Appendix Figure 12 , the Current and Upcoming Action Schedule provides 

a detailed timeline of dispatch decisions, including: 
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• Operation type (Charge, Discharge, Reserve)  

• Start and end times of each action  

• Energy throughput and duration  

• Market signals (spot and reserve prices)  

• Battery state of charge (SoC) constraints and risk indicators  

These schedules are generated by the dispatch optimizer while respecting system con-

straints and maintaining consistency with the Phase-3 control logic. 

• Operator Guidance and Execution Context 

The Next Action and Operator Guidance panel in Appendix Figure 12 summarizes: 

• Current operating mode (e.g., automatic reserve mode)  

• Scheduled power levels and energy commitments  

• Upcoming planned actions and timing  

• Dominant market signal influencing decisions  

This provides a clear link between optimization outputs and operator-level interpreta-

tion. 

• Switching Behavior Analysis 

The Switching Behavior Comparison table in Appendix Figure 12 evaluates operational 

stability across horizons (D1–D3), including: 

• Number of switching events  

• Switching frequency per day  

• Average duration of operational blocks  

• Time allocation across charge, discharge, and reserve modes  

This analysis highlights the trade-off between responsiveness and stability, showing that 

optimized strategies maintain longer operational blocks and reduce unnecessary switch-

ing. 

• Control Interface and System Interaction 

The Controls section enables system interaction through: 
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• Refresh and alert acknowledgment functions  

• Automatic and manual (override) operation modes  

• Report generation and monitoring tools  

This hybrid control capability ensures both automation and operator supervision. 

 

Appendix Figure 12 Battery action scheduling and operational stability analysis 

 

 

 

 

 

 

 


