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1. Introduction

The rapid growth of renewable energy has positioned photovoltaic (PV) systems as a key contributor
to modern power networks. However, the intermittency of solar generation creates operational
challenges such as grid congestion, curtailment, and unstable export profiles. Accurate short-term
forecasting and optimization-driven scheduling are essential to mitigate these issues.

Recent research on PV forecasting has highlighted the effectiveness of artificial intelligence (Al) and
machine learning techniques over conventional methods. A recent review of solar forecasting
developments highlighted Al as a promising approach [1]. A comparison of Al with statistical and
physical models [2] revealed that statistical methods such as linear regression often lack adaptability to
complex patterns. At the same time, physical models require precise meteorological data, making them
less feasible for long-term forecasting. Stochastic and Markov-based models were utilized to quantify
PV uncertainty, but encountered challenges in handling large-scale, nonlinear datasets [3].

Machine learning and deep learning models have been widely applied to address these challenges.
Several ML algorithms, including artificial neural networks (ANN), support vector machines (SVM),
random forest (RF), and XGBoost, were applied for solar power forecasting in [4]. ANN has the best
prediction accuracy out of all of these. Nonetheless, this result showed a moderate level of prediction
accuracy, with an MAE 0f9.913 kW and an RMSE of 13.447 kW for PV output prediction. Other studies
employed models such as multilayer perceptron neural networks (MLPNN), convolutional neural
networks (CNN), and k-nearest neighbors (kNN) [5], as well as hybrid models like LSTM-Copula [6]
and LSTM-RNN [7], demonstrating improved performance in both short- and medium-term forecasting.
Deep learning methods have also been applied for hour-ahead solar irradiance forecasting using cloud
image analysis [8]. This study showed great accuracy in capturing irradiance changes, with a normalized
root mean squared error (NRMSE) of 7.98%.
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Battery operation has become a key mechanism for balancing intermittent PV generation with
fluctuating grid export conditions. To mitigate the volatility of solar output, recent studies have
increasingly integrated PV forecasts into optimization-based control frameworks for battery energy
storage systems (BESS).

A fuzzy logic—based control strategy combined with the Jellyfish Optimization Algorithm was
developed to manage battery charging in PV systems [9]. By utilizing forecasted solar irradiance, their
approach adaptively tuned PI controller parameters, leading to improved charging performance and
greater robustness against weather-induced variability. Furthermore, a Dual-Self Adaptive Algorithm
was introduced to optimize charge—discharge behavior in DC substation batteries [10]. Expanding on
the resilience dimension, the relevance of resilience-oriented BESS operation within PV—battery
integrated systems was highlighted in [11]. Similarly, integrating PV forecasting into the multi-objective
optimization of storage operation for renewable-dominant microgrids has been shown to simultaneously
minimize operational costs, ensure reliability, and mitigate degradation effects [12].

Nevertheless, most existing work focuses on systems with local loads or assumes deterministic
forecasts, with limited attention to grid-export-only PV plants under tariff-based markets. In grid-export-
only PV plants, all generated energy is sold directly to the grid, and thus electricity tariffs and market
rules critically affect system operation. Few prior studies have examined battery dispatch in such tariff-
driven export-only contexts. This work fills that gap by developing a forecast-driven optimization
framework that integrates high-resolution PV forecasts and satellite-derived meteorological features
with tariff-driven, MILP-based economic dispatch. The contributions are threefold: (i) development of
a high-resolution PV forecasting model, (ii) formulation of a complete MILP dispatch incorporating
inverter and degradation constraints, and (iii) techno-economic evaluation of BESS capacities under
PPA and TOU tariffs.

2. Methodology
2.1. PV Forecasting Layer

Meteorological variables from NASA POWER [13] and measured AC-side PV output (March 2022—
July 2024) were preprocessed to handle missing values and normalized via Min-Max scaling.
Engineered features, including lagged PV outputs and seasonal indicators, were added to capture
temporal dependencies. A Gradient Boosted Trees (GBT) model was employed for hour-ahead
forecasting due to its proven robustness in handling nonlinear meteorological interactions. The dataset
was chronologically split into training (March 2022—December 2023), validation (January—June 2024),
and testing (July 2024). The complete data processing and GBT forecasting pipeline is executed as a
sequential workflow, as illustrated in Figure 1.

Data Cleaning Feature Extraction Model Training Validation Processing ~ Forecast Preparation ~ Generate PV Forecasts Evaluation
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Figure 1. Al model-based Gradient Boosted Trees.
2.2. Forecast-Driven Economic Optimization Layer for PV-BESS Systems

This layer determines optimal BESS scheduling based on PV forecasts while accounting for tariff
schemes, degradation, and curtailment. The objective is to maximize economic returns while
maintaining operational feasibility.

2.2.1. Objective function

The optimization problem aims to determine the optimal charge/discharge schedule of the BESS that
maximizes long-term economic benefits while minimizing degradation-induced losses.
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Equation (1) defines the combined objective function, balancing energy revenue and degradation cost
through weighting coefficients a and f.

maxJ =t 0y = B eur (1)

enel

The weighting coefficients a and f balance the trade-off between short-term profit and long-term
battery lifespan. In this study, the weighting coefficients are set to « = 1 and = 1, placing equal
economic weight on revenue generation and battery wear penalties.

The economic component J

energy

represents the net revenue obtained from PV energy exported to the
grid in Equation (2).

H
‘]energy = (ﬂt])texp )At (2)

t

In the fixed-price PPA scenarios, 77, remains constant throughout the operation period. In TOU-based

scenarios, 7, varies according to the time-of-use tariff schedule, encouraging the optimizer to store
energy during off-peak hours and discharge at peak prices for arbitrage gains.

To quantitatively represent battery aging within the optimization framework, a composite
degradation cost function is employed as Equation (3).

H
Jdegr = Z(Cl
t=l1

where ¢;, ¢, are charge- and discharge-related wear coefficients. This formulation penalizes aggressive
cycling that would shorten battery lifetime. In the optimization stage, the degradation coefficients c;
and c, are set to a small value (totaling 0.01 VND/kWh) to serve as a soft mathematical penalty. This
prevents the MILP solver from engaging in unrealistic micro-cycling while maintaining computational
focus on revenue maximization. The actual economic depreciation is subsequently handled in the
techno-economic post-processing phase. Battery aging is represented using a linear throughput-based
degradation model. In this approach, battery wear is assumed to be proportional to the total energy
processed through the battery. Accordingly, each unit of energy processed by the battery (either charging
or discharging) incurs a marginal degradation cost, which reflects the economic impact of battery wear
over time. This simplified formulation introduces an economic penalty for excessive cycling while
maintaining computational efficiency within the MILP optimization framework.

char dis
B B

+c,

)-At 3)

The rolling-horizon (RH) mechanism executes the MILP-based dispatch iteratively, using updated
PV forecasts to generate optimal charge/discharge decisions over a look-ahead window. Only the first
control action is applied to the physical system, ensuring adaptability to forecast errors and short-term
variability. The accumulated operational outcomes—including energy exported, curtailed power,
battery throughput, and degradation cost—are then used to compute the economic performance of the
system under different tariff schemes and battery capacities.

2.2.2. Power balance, export and curtailment

At each hourly step ¢, the relationship between PV generation, battery operation, and grid export is
represented by Equation (4).

Ptexp _ PfV‘FP?ﬁS _Pfhar —wat (4)

Here, P denotes the AC power actually exported to the grid (measured at the point of connection

under the PPA contract). P”” represents the total AC power output of the PV inverter, P[d“ and B‘"’”

are the discharging and charging power of the BESS, respectively, and P{""" accounts for curtailed power

w
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due to inverter limits or operational constraints. This formulation assumes grid-export-only operation
(no power import), where the BESS can only charge from PV surplus energy.

2.2.3. Battery dynamics

The dynamic behavior of the battery is represented through its state-of-charge (SOC) trajectory,
which reflects the effects of charging and discharging operations. Equation (5) describes the state-of-
charge evolution of the battery, accounting for charging/discharging efficiencies and nominal capacity.

dis
( chachhar _ td» jAt
/a )
SOC, =SOC,_, + x100%
batt
Here, 7" and 1™ denote charging and discharging efficiencies, respectively. The initial state of

charge (SOC,—) at the beginning of the simulation horizon is set to 50%. At each hourly time step, the
optimization model is solved using the one-hour-ahead PV generation forecast, after which only the
first-hour BESS dispatch decision is implemented before the optimization is repeated for the next time
step.

2.2.4. Operational constraints

Equations (6)—(9) impose operational constraints, including inverter conversion limits, maximum
charge/discharge power, and SOC bounds:

0< PP < proms (6)

0<C <p” ()

0< PP < phem < pi < plom (®)
SOC™ < SOC, < SOC™ ©)

Here, P1©™ is the total AC conversion capacity of installed inverters (600 kW in the case study),

P and P are the BESS power limits, and the SOC bounds are set according to manufacturer
recommendations.

To prevent simultaneous charging and discharging, we introduce a binary decision variable z; €
{0, 1} in Equation (10), which transforms the problem into a MILP. The variable controls mutually
exclusive operations via on/off constraints.

Rchar < ZtPchar,max , Bdis < (1 _Zt )Pdis,max (10)

2.3. Evaluation Metrics
2.3.1. Economic Performance Evaluation

Base revenue represents the annual income obtained from exporting PV energy to the grid without a
battery. It is computed as J

energy *

Arbitrage Savings quantifies BESS integration by reflecting how effectively the battery exploits
TOU price differences to increase financial returns:

Arbitrage Savings = i(ﬂtﬁe"p"”’h’ms ) At — i(ﬁtPf"p’"OBESS ) <At (11)

t=1 t=l1
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Here, At is the time step resolution (1 hour), P/ is in kW, and 7, is the electricity tariff in VND/kWh.
The total net financial gain from the BESS is defined as Tota/NetBenefit.

The simple payback period is calculated as:

CAPEX

Payback = ————855
Y TotalNetBenefit (12)

The net present value (NPV) over an N-year horizon with discount rate r is:

Y\ TotalNetBenefit
———— —CAPEX (13)

S (lery

NPV =

2.3.2. Operational Performance Metrics
Operationally, Curtailment Reduction and Estimated Battery Aging Rate are defined by Equations

(14) and (15):

Z[T:] (P;’urt,ba:e _P;’urt,BESS)_A

T
Plcurl, base At
t=1

Curtailment Reduction = Lx] 00% (14)

T

Z Ptdi,\‘ . At

Estimated Battery Aging Rate = —! x100% (15)
E,_, x80%x5000

batt

Here, E, , is the installed battery energy capacity (in kWh), Rdis is the discharge power (in kW), and

At is the time step (1 hour). Here, 7" denotes the total hours in the simulation horizon (e.g. 7= 21168 for
March 2022—-July 2024). To convert totals into per-year values, we use the factor 8760 h/year.

2.4. Case study
2.4.1. PV System Description

The case study investigates a grid-connected solar PV installation located in Binh Duong Province,
Vietnam. The PV array comprises 1,620 Canadian Solar modules, each rated at 445 Wp, yielding a total
DC capacity of 720.9 kWp. The system is interfaced with the grid via six Sungrow inverters, each rated
at 100 kW (model series A200926), providing an aggregate AC capacity of 600 kW. This design results
in a DC/AC ratio of 1.2, a common practice that maximizes inverter utilization under varying irradiance
conditions.

2.4.2. BESS Description and Selection

To enable a comparative assessment of technical and economic performance, the battery energy
storage system (BESS) is modeled as a lithium iron phosphate (LFP) unit with multiple candidate
capacities ranging from 250 kWh to 1000 kWh. All configurations follow a consistent set of electrical
and operational constraints, including a 0.5C power rating, state-of-charge (SOC) limits of 10-90%, and
charge and discharge efficiencies of 95% per direction. These parameters are representative of
commercially available industrial BESS solutions and ensure that each tested capacity can be
realistically deployed alongside the PV system. The technical specifications used for all simulated BESS
configurations are summarized in Table 1.

From an economic perspective, a detailed cost structure is incorporated to ensure that the
optimization outcomes reflect realistic deployment conditions. The CAPEX of the BESS is explicitly
scaled with system size, at 12 million VND/kWh for 250 kWh, 10 million VND/kWh for 535 kWh, 8
million VND/kWh for 750 kWh, and 6 million VND/kWh for 1000 kWh. A fixed balance-of-system
cost of 10 million VND is uniformly applied. Annual O&M expenses are assumed to be 3% of the initial
CAPEX.
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Table 1. BESS parameters.
Parameter Value Unit Notes
Technology Lithium iron phosphate - LFP, commercial system
Nominal energy capacity 250-1000 kWh Two cases
Charge/discharge efficiency 95 % Applied per direction
SOC operating limits 10-90 % Lifetime-p reserving op erating
window
Lifetime model >5000 cycles; cycle + SOC i Based on repor.ted LFP battery
based cycle life [14]

2.4.3. Time-of-Use (TOU) Tariff Framework
The Time-of-Use (TOU) tariff values are adapted for simulation purposes. Three periods are defined:
off-peak, normal, and peak hours, as summarized in Table 2.

Under the TOU scenario, the BESS schedules its operation to store energy during off-peak periods
and export during high-price hours to maximize profit. For comparison, the fixed-price PPA scenario
assumes a constant tariff of 1400 VND/kWh.

Table 2. TOU tariff schedule used in the market scenarios (VND/kWh).

Period Time range Tariff (VND/kWh) Description
Off-peak 22:00-04:00 1000 Lowest demand, low selling price
04:00-09:00, . .
Normal 17-00-22-00 1800 Regular operation period
Peak 09:00-17:00 3000 Highest demand, maximum selling price

It is important to note that the TOU schedule adopted in this study does not represent the standard
national retail tariff, which typically features an evening peak driven by residential demand. Instead, it
simulates a Corporate Power Purchase Agreement (CPPA) or Direct PPA (DPPA) pricing structure
tailored for Commercial and Industrial (C&I) off-takers in major industrial hubs like Binh Duong
Province. In such manufacturing hubs, the energy demand is heavily dominated by daytime factory
operations, heavy machinery, and intensive HVAC (cooling) loads, creating a continuous peak from
09:00 to 17:00. This customized tariff structure is strategically designed to incentivize the PV-BESS
system to dispatch stored energy during these high-stress daytime hours, perfectly matching the local
corporate load profile.

The methodological framework described above integrates forecasting, optimization, and rolling-
horizon execution into a unified process. To consolidate these elements, Figure 2 presents the conceptual
workflow of the PV-BESS system. The workflow begins with data preprocessing, where outliers are
removed and the dataset is divided into training, validation, and testing subsets to ensure data quality
and model reliability. Feature engineering is then applied to capture the temporal characteristics of PV
generation, including lagged PV outputs (#1 to /~24) and autocorrelation features, while meteorological
variables are normalized. The processed data are used to train a Gradient Boosted Trees (GBT) model
for hour-ahead PV power prediction. If the forecasting performance satisfies the predefined accuracy
threshold (MAPE < 10%), the predicted PV output is subsequently used as an input to the MILP-based
dispatch model. The optimization module evaluates multiple BESS capacities under the given tariff
structures and determines the optimal scheduling strategy. Finally, the techno-economic evaluation
identifies the battery capacity that provides the highest economic performance based on metrics such as
revenue, net benefit, NPV, and payback period, while also assessing technical indicators including
curtailment reduction and PV utilization.
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Figure 2. Conceptual workflow of the PV-BESS forecasting and optimization framework.
3. Results
3.1. Forecasting performance

The GBT model demonstrates strong predictive performance on the test set, achieving a normalized
RMSE of 0.152 (on a 0—1 scale) and a MAPE of 6.65%. The low normalized error (0.152) indicates
negligible point forecast deviations relative to the plant’s rated capacity, while the MAPE (6.65%)
confirms high percentage accuracy despite the inherent variability of cloud motion. This high accuracy
is visually confirmed in Figure 3, which demonstrates that the predicted PV output closely tracks the
actual generation profile throughout the testing period.
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Figure 3. Comparison of Predicted and Actual PV Output (Test Data, July 2024).
3.2. Scenario comparison

For each tested BESS capacity, the optimization was executed over a full-year time series, after
which technical indicators (curtailment, SOC profile, utilization rate) and economic metrics (annual
revenue, arbitrage gains, net benefit, payback period, and NPV) were calculated directly from the
resulting dispatch profiles. Aggregate performance results for all scenarios are presented in Tables 3 and
4. It should be noted that the optimization may schedule multiple partial charge—discharge events within
a day depending on PV availability and export constraints. Therefore, the reported battery activity
reflects total energy throughput rather than an equivalent number of full charge—discharge cycles.

Table 3. Economic Indicators for All Scenarios.

Base Revenue Arbitrage Savings Total Net Benefit Payback NPV

Scenario (VND/year) (VND/year) (VND/year) (years) (VND)

No BESS 1.67E+09 0 0 0
TOU - 250 kWh 1.42E+09 2.02E+09 1.66E+09 1.8 8.63E+09
TOU - 535 kWh 1.42E+09 3.88E+09 3.24E+09 1.7 1.74E+10
TOU - 750 kWh 1.42E+09 5.17E+09 4.44E+09 1.4 2.52E+10
TOU - 1000 kWh 1.42E+09 2.17E+09 1.45E+09 4.1 4.16E+09
PPA - 250 kWh 1.67E+09 1.72E+09 1.36E+09 2.2 6.52E+09
PPA - 535 kWh 1.67E+09 3.17E+09 2.52E+09 2.1 1.23E+10
PPA - 750 kWh 1.67E+09 4.12E+09 3.39E+09 1.8 1.78E+10
PPA - 1000 kWh 1.67E+09 1.72E+09 9.88E+08 6.1 9.42E+08
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Figure 4. Payback period versus BESS capacity under TOU and fixed PPA tariffs.

Figure 4 illustrates how the payback period varies as a function of BESS capacity under both the
fixed PPA and TOU tariff structures. The TOU scenario consistently achieves shorter payback periods
for medium-sized batteries (250—750 kWh), reaching its minimum value of 1.4 years at 750 kWh.
Beyond 750 kWh, however, the payback period rises significantly as the marginal economic benefit of
additional storage declines and the battery becomes increasingly under-utilized. In contrast, the fixed-
price PPA case exhibits longer payback periods that increase sharply to 6.1 years at 1000 kWh,
indicating limited price-driven arbitrage opportunities to offset the high capital cost of oversized
batteries. Overall, the figure demonstrates the strong influence of tariff mechanisms on storage
profitability and highlights the need for size-specific optimization in grid-export PV systems. All BESS-
integrated scenarios eliminate PV curtailment, with capacities >250 kWh fully absorbing excess
generation under the studied C&I profile. While previous findings suggest moderate BESS sizing (15—
25% of PV capacity) is typically sufficient to remove curtailment [4], this case study required a larger
fraction (~35% of the 720.9 kWp DC capacity) to fully absorb excess generation, directly reflecting the
plant's DC/AC ratio and strict export constraints.

Table 4. Operational Indicators for All Scenarios.

Scenario Curtailment Reduction (%) Average SOC (%) Elit;;?lagtgiaza:(f/f:) ;y
No BESS 0.0 - -
PPA - 250 kWh 100.0 124 9.1
TOU - 250 kWh 100.0 13.1 9.1
PPA — 535 kWh 100.0 14.5 6.8
TOU - 535 kWh 100.0 15.2 7.4
PPA — 750 kWh 100.0 16.8 5.2
TOU — 750 kWh 100.0 17.5 6.1
PPA — 1000 kWh 100.0 224 3.9
TOU - 1000 kWh 100.0 322 4.8

While curtailment is entirely resolved, overall economic viability remains heavily dependent on the
tariff. As detailed in Tables 3 and 4, TOU pricing consistently outperforms the fixed PPA by leveraging
midday surplus for peak-hour arbitrage. The TOU-750 kWh configuration emerges as optimal,
maximizing NPV (25.2 billion VND) and arbitrage savings (5.17 billion VND/year) with a rapid 1.4-
year payback. Conversely, oversized configurations (1000 kWh) yield diminishing marginal returns,
evidenced by significantly reduced physical aging rates (3.9-4.8%) and elevated average SOC due to
severe under-utilization, matching patterns reported in recent studies [11], [15].
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4. Discussion

The analyzed PV plant has a DC capacity of 720.9 kWp and an AC export limit of 600 kW,
corresponding to a DC/AC ratio of 1.2. During high-irradiance periods, this configuration generates
surplus energy that cannot be fully exported due to inverter clipping, making battery storage integration
a technically valuable enhancement. Simulation results indicate that a minimum battery capacity of 250
kWh is sufficient to eliminate curtailment across the operating year, while also enabling grid-price
arbitrage under TOU tariff conditions.

For this system scale, the optimal BESS size is identified near 750 kWh (=1.0 kWh per kWp or 1.25
hours at full AC rating), which delivers the highest economic returns and shortest payback periods. At
this capacity, the BESS can reliably shift approximately 600 kW of curtailed or low-price off-peak
energy into peak periods, thereby maximizing revenue while maintaining low average state of charge
and high utilization. At 1000 kWh, marginal economic benefits decline sharply due to reduced cycling
depth and under-utilized capacity, indicating oversizing relative to the PV generation profile. Based on
these findings, Table 5 summarizes the practical implications and recommended BESS sizing for various
deployment scenarios.

Table 5. Practical implications for deployment.

Recommended BESS Size

Intended Use Case (for this PV system) Operational Benefit
Remdentlgl clust.ers / small 250-400 KWh Eliminates clipping loss.es, supports evening
micro grids load, reduces curtailed energy loss
Commercial & Industrial 500-750 kWh Maximizes TOU price arbitrage, reduces peak
(C&I) facilities (optimal = 750 kWh) demand charge, enables backup capability

Export-focused / grid 750-1000 KWh Higher flexibility for ancillary services, but
services (V2G, FFR, AGC) reduced financial efficiency beyond 750 kWh

This level of capability is particularly suitable for manufacturing zones in Binh Duong province and
Southern Vietnam, where load profiles exhibit a sustained daytime peak and tariff structures differ
significantly between daytime and evening periods. Overall, this study demonstrates that forecast-
guided economic dispatch can simultaneously eliminate PV curtailment and enhance financial viability
in grid-export-only solar plants. The findings highlight the importance of moderate BESS sizing,
particularly around 750 kWh, to balance technical reliability and economic efficiency. Future work will
extend the framework to multi-site PV portfolios and incorporate probabilistic forecasts to address
uncertainty under dynamic tariff structures.

5. Conclusion

This paper validates a forecast-driven dispatch framework for grid-export-only PV plants, coupling
an hour-ahead Gradient Boosted Trees predictor with a receding-horizon MILP scheduler to eliminate
curtailment and enable profitable TOU arbitrage. Techno-economic simulations identify a 750 kWh
BESS (=1.0 kWh/kWp) as the optimal configuration that maximizes net present value, whereas the
largest tested capacity (1000 kWh) already shows under-utilization and poorer payback, suggesting
further oversizing would perform worse still. These results highlight that combining accurate short-term
forecasting with moderate, workload-matched sizing is crucial for maximizing BESS value in export-
only setups. Finally, future work will address current limitations—namely, linear degradation proxies
and fixed tariff scenarios—by integrating probabilistic forecasting, detailed cell-level aging models, and
dynamic market participation.
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