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Abstract

Solar photovoltaic (PV) and battery energy storage systems (BESS) are increasingly de-
ployed in homes and communities. However, conventional operational strategies often
prioritise short-term electricity costs without considering equipment ageing. Repeated
battery cycling contributes to capacity degradation, while temperature-dependent PV
losses affect available generation and system efficiency. This study develops an intelli-
gent degradation-aware dispatch framework for inverter-interfaced PV-battery systems,
integrating reduced-order battery ageing, PV degradation and thermal derating, inverter
constraints, and adaptive supervisory control within a lightweight, rule-based architec-
ture. The framework assesses electricity-cost and battery-preservation trade-offs under
operating constraints. A full-year simulation at 15 min resolution compares four poli-
cies: Baseline, Battery-Aware, Battery+PV-Aware, and Adaptive-Supervisory. Relative to
the Baseline, Battery-Aware and Battery+PV-Aware reduce annual equivalent full cycles
(EFCs) by 18.03% and 29.10%, respectively, with electricity-cost changes of —0.11% and
+1.88%. The Adaptive-Supervisory policy reduces EFCs by 8.49% and operating cost by
1.81%. Controlled ablations show that supervisory adaptation reduces cycling by 2.14% and
10.15% under supplementary synthetic tariffs, but does not alter dispatch under the original
three-level tariff. Equal-constraints comparisons further reveal tariff-dependent trade-offs
between fixed and adaptive degradation weighting, without establishing universal adap-
tive superiority. Supplementary simulations using UK-DALE residential demand and
PVGIS meteorological inputs show consistent battery-cycling reductions of 19.27-20.67%
over 198.25 days. The findings demonstrate that degradation-informed policies can reduce
battery cycling with modest economic trade-offs, while adaptive supervision provides
additional benefits under suitable tariff conditions. The framework offers a transparent,
computationally tractable approach to lifecycle-aware energy management, with physical
validation and calibrated ageing models remaining priorities for future work.

Keywords: intelligent energy management; inverter-based systems; photovoltaic-battery
systems; degradation-aware dispatch; battery energy storage; adaptive control; renewable
energy integration

1. Introduction

The transition to renewable energy is accelerating the deployment of solar photovoltaic
(PV) and battery energy storage systems (BESS) in residential, community, and small-scale
industrial applications. These systems can reduce electricity costs, improve grid flexibility,
and support emissions reduction [1-5]. The addition of global renewable capacity exceeded
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510 GW in 2023, primarily driven by the expansion of solar PV power [6-8]. Battery storage
deployment is also expected to grow substantially, supporting renewable integration,
resilience, and system flexibility [9], with recent reviews highlighting significant growth
towards 2030 [10-12]. Coordinating PV generation and battery storage therefore presents
an important control challenge in distributed energy systems, where dispatch decisions
affect efficiency, asset utilisation, and reliability [13]. As both resources interface with
electrical networks through power electronic converters, these decisions also determine
active-power references and operating conditions of inverter-interfaced resources.

Recent research on inverter-based resources has also addressed system-level stability
through frequency-spectra impedance analysis, including the identification of weak points
of interconnection [14]. While such studies focus on electrical stability, the present work ex-
amines operational cost and degradation-related dispatch trade-offs in PV-battery systems.

Conventional energy-management strategies often prioritise short-term economic
objectives, including tariff arbitrage, peak shaving, and self-consumption, without fully
considering equipment ageing. Battery capacity deteriorates through calendar and cycle
ageing, influenced by temperature, state of charge, depth of discharge, and operating
time [15-17]. PV modules also experience performance losses associated with light-induced
degradation (LID), potential-induced degradation (PID), and environmental stressors, with
rates varying across technologies and operating conditions [18-20]. Although these pro-
cesses occur over different timescales, they affect available energy, battery utilisation, and
system economics. Neglecting degradation-related effects may therefore favour immediate
financial returns at the expense of longer-term asset performance.

Recent studies have incorporated battery degradation into energy-management and
scheduling frameworks through degradation-cost formulations, constrained optimisation,
and predictive control [21-23]. Digital-twin-inspired methods and intelligent supervisory
strategies have also supported monitoring, performance assessment, and operational deci-
sions [24-26]. However, integrating battery ageing indicators, temperature-dependent PV
performance, inverter constraints, and adaptive supervision within a transparent, compu-
tationally lightweight framework remains a practical challenge. Importantly, the effects of
degradation-informed policies must be distinguished from changes in battery operating
limits and tariff thresholds, while the additional contribution of adaptive supervision
requires evaluation under varying operating conditions.

From an energy conversion and management perspective, equipment ageing also
affects the economic and environmental implications of asset replacement [27,28]. Battery
replacement and PV maintenance can increase material demand and lifecycle impacts
associated with manufacturing, transportation, and end-of-life management [29-32]. These
considerations motivate energy-management strategies that balance degradation-related
performance with operating costs. Nevertheless, simulated cycling reductions do not
establish experimentally verified lifetime extension or quantified environmental benefits.
Evaluating these trade-offs can inform more resource-conscious and economically efficient
PV-battery operation.

2. Literature Review

Research on PV-battery systems encompasses economic dispatch, ageing models,
lifecycle assessment, digital twins, and artificial intelligence [33—40]. Operational strategies
commonly address peak shaving, tariff arbitrage, and self-consumption through model
predictive control (MPC), linear programming, and heuristic methods [1,41-43]. Although
effective for economic scheduling, their treatment of asset ageing varies, potentially over-
looking longer-term degradation-related costs.
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Battery degradation arises from calendar and cycle ageing, with rainflow counting
widely used to characterise cycling stress [44,45]. Detailed electrochemical models offer
physical fidelity but require substantial calibration and computational resources [46,47].
Reduced-order ageing models and degradation-cost formulations have therefore been
incorporated into operational scheduling [45,48-50]. Similarly, PV degradation studies doc-
ument long-term performance changes across technologies and climates [5,19,20,51]. While
irradiance and temperature are routinely represented in generation models, prescribed PV
ageing is less consistently integrated into operational assessments and should not be con-
fused with dispatch-controllable degradation. Lifecycle methods, including levelised cost
of energy (LCOE) and storage (LCOS), complement these models by assessing investment,
replacement, and long-term operating costs [32,52-55].

Digital twin approaches support energy-system monitoring, performance assessment,
predictive maintenance, and decision-making [24,25], including applications in micro-
grid management and supervisory control [56,57]. However, simulation-based digital
counterparts must be distinguished from operational twins incorporating live physical-
system synchronisation. Artificial intelligence and deep reinforcement learning (DRL)
have also been applied to energy management under variable demand, generation, and
tariffs [12,58-61]. Although these approaches may incorporate degradation penalties and
operating constraints, their effectiveness depends on model formulation, training require-
ments, and computational resources. Deterministic hierarchical control remains relevant
where transparent supervisory decisions and explicit inverter and battery constraints
are priorities.

Recent energy storage and energy conversion studies have advanced digital twin
modelling, battery degradation assessment, and ageing-aware optimisation [62—67]. Nev-
ertheless, a practical evaluation challenge remains in integrating reduced-order battery
ageing, prescribed PV performance degradation, inverter constraints, and adaptive super-
vision within a transparent dispatch framework. In particular, controlled comparisons
are needed to distinguish the contribution of adaptive mechanisms from policy-specific
operating limits and to examine performance under alternative operating inputs.

Table 1 compares representative studies across dispatch decision-making (DD), bat-
tery ageing (BA), PV degradation (PVD), digital-twin monitoring (DT-M), operational
decision support (DT-O), lifecycle cost modelling (LCO), learning-based Al control (DR-
L/Al), and hardware-in-the-loop validation (HIL). The comparison identifies the modelling
and operational dimensions addressed by existing approaches. This study combines
degradation-informed, inverter-constrained dispatch with fixed-policy comparisons, con-
trolled supervisory ablations, and supplementary measured-input evaluation.

Table 1. Comparison of selected modelling and operational dimensions across representative studies
and the proposed framework (Y: yes; N: no; P: partial).

Literature DD BA PVD DI-M DT-O LCO DRL/AI HIL
[24,25] N N N Y N N N N
[4548,68-71] Y Y N N P P P N
[19,20,51] N N Y N N N N N
[72-74] Y Y N N Y P P N
[56,57,75,76] Y P N P Y P P N
[58-61] Y P N N Y N Y N
This study Y Y Y P P P N N
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Novelty and Contributions

This study contributes an intelligent degradation-aware dispatch framework for
inverter-interfaced photovoltaic-battery energy systems, integrating battery ageing indica-
tors, temperature-dependent PV performance, and inverter operating constraints within
a unified energy-management architecture. Building on established degradation models
and heuristic dispatch principles, the contribution lies in their transparent integration and
comparative evaluation rather than the development of new ageing physics or a numerical
optimisation algorithm. Battery degradation is represented through a marginal discharge-
cost penalty, while PV ageing and thermal derating are incorporated into the available
generation model and performance assessment. This distinction enables degradation-
related operating effects to be examined without implying active control of the underlying
PV ageing process.

A lightweight adaptive supervisory layer adjusts the battery degradation weight and
discharge threshold according to normalised operating stress indicators, including state
of charge, temperature, load demand, and electricity price. The lower-level determinis-
tic controller enforces power balance, battery operating limits, and inverter constraints.
Beyond comparing fixed and adaptive dispatch policies, the study employs controlled
supervisory ablations under different tariff conditions to distinguish the effects of adaptive
mechanisms from those of policy-specific operating thresholds and constraints. Supplemen-
tary evaluation using measured residential demand and historical meteorological inputs
further examines the consistency of the resulting battery-cycling trends beyond the primary
synthetic simulation.

Figure 1 illustrates the conceptual structure of the proposed degradation-aware, digital-
twin-inspired framework. The simulated PV-battery system is represented through in-
terconnected power-conversion, energy-storage, degradation, and supervisory decision
models. A user-facing interaction layer supports scenario exploration and interpretation of
operational and degradation-related indicators. Dispatch calculations are executed auto-
matically through the rule-based controller, providing a transparent and computationally
lightweight decision-support environment. The present implementation does not incor-
porate live physical-system synchronisation or bidirectional hardware interaction and is
therefore positioned as a simulation-based digital counterpart rather than a fully deployed
physical digital twin.

Physical System
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Figure 1. Conceptual overview of the proposed degradation-aware supervisory dispatch framework.
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3. Methodology

The proposed framework implements degradation-aware supervisory dispatch for an
inverter-interfaced PV-battery energy system. The computational architecture combines
(i) a physics-based operational system model, (ii) reduced-order battery and PV degradation
models, and (iii) a weighted supervisory decision layer that incorporates ageing-related
indicators into dispatch decisions. The structure is designed for short-interval operational
energy management while maintaining low computational complexity and transparent
degradation accounting. This approach is consistent with recent degradation-aware energy
management studies [72,77,78].

Figure 2 illustrates the interaction between the physical system layer, the degradation
evaluation layer, and the operational decision logic. In contrast to planning-oriented
optimisation frameworks, the proposed supervisory dispatch framework operates at short
control intervals and updates degradation indicators alongside system power flows.

Data Sources
(Irradiance, Load, Tariffs, Temperature, Carbon Intensity)

/l\lll @ 7

Irradiance Load Tariffs Temperature Carbon
Intensity
System Physics Ageing Models
¢ PV and battery models :
s e S o * Battery calendar .agemg
...... — * « Power balance * Battery cycle ageing
e o Inverter losses . Am * PV temperature derating

* Operational constraints * Degradation cost models

'

Optimisation Controller
(A-Weighted Heuristic Dispatch)
* Degradation-aware decision making
¢ Charge / discharge and grid exchange control
¢ Dynamic operating constraints
 Real-time decision update

!

Evaluation & Output

* Operating cost and energy metrics
..-Il « Battery and PV degradation indicators
¢ Emissions and performance metrics

¢ Result plots and tables

4

Figure 2. Architecture of the degradation-aware supervisory dispatch framework integrating system
dynamics, ageing models, inverter interfaces, and operational decision logic.

3.1. System Model

The energy system comprises a photovoltaic (PV) array, a battery energy storage
system (BESS), and a grid connection supplying residual demand and receiving surplus
generation. At each control interval, the system model evaluates the AC-side power balance,
accounting for PV generation, battery charging and discharging, and grid exchanges.

Povac(t) + Pyif () + Pais (t) = Pioad () + Pen () + Py (#). (1)

Here, Ppy,ac denotes the AC power delivered by the PV inverter, Py, and Pyjs represent
AC-side battery charging and discharging powers, and Pg:;g and P;:iz denote grid import
and export, respectively.

The battery state of charge is updated using a discrete energy-balance model that
incorporates charging, discharging, and inverter conversion efficiencies. This reduced-

https:/ /doi.org/10.3390/ electronics15214919


https://doi.org/10.3390/electronics15214919

Electronics 2026, 15, 4919 6 of 25

order representation is widely adopted in degradation-aware dispatch studies requiring
repeated evaluation [77,78].

MehMino,b Pch (t) At

Enom
_ Pyis(t)At
NdisMino,b Enom

SoC(t+1) = SoC(t) +
2

Here, Ejop, is the nominal battery energy capacity, At is the control interval, and 7,
N4is, and 1;,,, , denote charging, discharging, and battery inverter efficiencies, respectively.
Power is expressed in kW, energy in kWh, and At in hours.

Battery operational limits are enforced through the state-of-charge and power con-
straints. These restrictions prevent operation outside the configured battery limits, while
the dispatch controller accounts for the available charging and discharging headroom.

S0Cmin < SoC(t) < S0Cmax, 3)

0 < Py (t) < PR, 0 < Pyis(t) < P (4)

Together, (1)-(4) provide a compact representation of the operational physics of the
hybrid PV-battery system for integration with the supervisory dispatch framework.

3.2. Inverter-Interfaced Power Conversion

The photovoltaic array and battery energy storage system are interfaced with the AC
network through separate power electronic conversion stages. The supervisory dispatch
layer determines the active-power references supplied to these resources at each control
interval, accounting for inverter conversion efficiencies and rated capacities.

For the photovoltaic interface, the available AC-side power is

va,uc (t) = min{ﬂinv,pvppv,temp (t)/ P{,%/egy }/ ®)

where Ppy temp denotes the temperature-corrected PV power after the prescribed ageing
adjustment, and 7;,y,, is the PV inverter efficiency.
For the battery interface, the net AC-side power is

Pbutt,uc(t) = Pdis(t) - Pch(t)' (6)

Here, P, and Py are the AC-side charging and discharging powers. The corre-
sponding DC-side powers are #;,,;, 5 P, () and Pyjs(t) / iy p, respectively, where 1, j is the
battery inverter efficiency. These conversion relationships are incorporated into the battery
state-of-charge dynamics.

The inverter power references are bounded by their rated active-power capacities,

0= PPU,ﬂC(t) < P%fﬁw | Pratt,ac ()] < Pz%,eg' )

This representation retains the energy-management focus of the study while account-

ing for inverter conversion losses and active-power limits without modelling converter
switching dynamics.

3.3. Battery Degradation Model

Battery ageing is represented using complementary calendar and cycle degradation
components. This reduced-order formulation balances physical interpretability with com-
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putational efficiency and is consistent with recent degradation-aware energy management
approaches [78-80].

The following reduced-order expressions adopt established calendar- and cycle-ageing
principles, with simplified functional forms and illustrative coefficients selected for com-
parative simulation [44,78,80]. Calendar ageing represents capacity loss associated with
time, temperature, and state of charge. It is evaluated using a semi-empirical Arrhenius-
type approximation,

E,/R
Ty(t)

where k., is the calendar ageing coefficient, E; /R is the activation-energy-to-gas-constant

AQcal () = kear exp (— ) (0.5 4 0.550Caug(t)] At, 8)

ratio, Tj, is the battery temperature in kelvin, and SoCyyq is the average state of charge over
the evaluated interval.

Cycle ageing is estimated from incremental variations in the state-of-charge trajectory
using a power-law approximation,

Nasoc

AQcyc: Z kcyc|A50Ci|a/ )
i=1

where k. is the cycling coefficient, « is the cycle-wear exponent, and Njs,c denotes the
number of evaluated SoC increments. This approximation represents cycling-related wear
without requiring detailed electrochemical modelling or rainflow cycle counting.

The combined capacity loss is converted into an economic proxy based on the assumed
battery replacement value,

Crepl ¢
Cdeg,batt = reancemen <ZAQcal(t) + AQcyc> ’ (10)
nom t

where Cyepiacement 18 the assumed battery replacement cost and Quom is the illustrative
capacity-loss normalisation reference. Calendar and cycle losses are expressed in ampere-
hours under the adopted parameterisation.

For operational dispatch, battery degradation is represented by a prescribed marginal
penalty rather than directly converting the estimated capacity loss into a time-varying
electricity price. The effective penalty is

ﬁdeg,batt(t) = )\b(t)ndeg,batt/ (11)

where, 7406 part denotes the prescribed marginal battery-wear penalty in GBP/kWh, while
Ap(t) determines its contribution to the discharge decision. This penalty is distinct from the
degradation cost calculated in Equation (10). The latter provides a comparative estimate of
model-derived capacity loss, whereas the prescribed marginal penalty modifies the effective
discharge price only when the corresponding battery degradation weight is nonzero.
Consequently, reductions in battery cycling may also arise from policy-specific SoC limits
and charging or discharging thresholds, independently of degradation-cost weighting.

The ageing parameters used in the implementation are k.,; = 1.2 x 107> Ah/h,
E;/R = 4000 K, keye = 2.5 X 10~* Ah, and & = 1.5 (dimensionless), with state of charge
represented as a fraction and time expressed in hours. These coefficient units follow from
the dimensional conventions of the implemented reduced-order equations.

The nominal battery energy capacity is E;; o = 5.0 kWh. The assumed replacement
cost is GBP 3500, and Qyom = 1000 Ah is an illustrative capacity-loss normalisation ref-
erence rather than a charge capacity derived from the configured battery energy and
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voltage. The ageing coefficients are study-specific assumptions informed by established
calendar- and cycle-ageing principles [44,78,80], not experimentally calibrated parameters
for a specified battery chemistry.

Accordingly, the reported capacity-fade percentages and degradation-cost estimates
are comparative model-derived indicators. They should not be interpreted as physically
calibrated battery state-of-health changes, validated service-life predictions, or replacement-
cost forecasts.

3.4. PV Degradation Model

PV performance loss is represented through long-term material degradation and
short-term temperature-induced derating. Long-term degradation is approximated using a
linear reduction in available power over time, consistent with simplified PV performance
assessments [19,20]. The degraded PV power is expressed as

va,deg(t) = va(t) (1 *’)’t t >/ (12)
year
where 7 is the assumed annual degradation rate and ¢, denotes one year in the same
time units as ¢.
Short-term thermal effects are represented using a first-order temperature correction,
consistent with conventional PV performance modelling [18,19]. The temperature-adjusted
PV power is

PPv,temP(t) - va,deg(t) [1 - ﬁ(Tcell(t) - Tref) ’ (13)

where B is the PV temperature coefficient, T, is the cell temperature, and T, is the
reference temperature.

The resulting PV power is converted to AC-side power through (5) before entering the
system power balance. The economic impact of PV performance loss is estimated using the
difference between the reference and temperature-corrected power, valued at the prevailing
electricity import tariff.

Closs,pv(t) = [va(t) - ppv,temp(t)} nvulue(t)At/ (14)

Here, 71, (t) represents the electricity import tariff in GBP/kWh, and At is the
simulation interval in hours. The expression provides a signed operational valuation of
the difference between reference PV power and modelled available PV power. Positive
values indicate a reduction relative to the reference, while negative values may arise when
favourable cell temperatures increase PV output above the reference level. Accordingly,
Closs,po (t) is interpreted as a modelled PV performance-cost indicator rather than a nonneg-
ative measure of irreversible material degradation or a directly incurred electricity cost.

PV performance is additionally summarised using a modelled relative-power indicator
for intervals with nonzero reference PV power. This indicator compares temperature-
adjusted PV power with the reference PV power and is not intended to represent the
standardised system-level PV performance ratio.

P t
PR(t) = Protenr®) 1000, (15)

Pyo(t)

The PV degradation trajectory is prescribed independently of battery dispatch. Its
influence is reflected in available PV generation and performance evaluation, rather than
through active control of the underlying PV ageing process.
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3.5. Degradation-Aware Dispatch Framework

The proposed energy-management framework evaluates operational decisions in
terms of electricity cost and degradation-related performance. Rather than solving a multi-
objective optimisation problem at each control interval, a structured heuristic is adopted
to incorporate battery degradation awareness into deterministic dispatch decisions. This
approach avoids the computational requirements of repeated mathematical optimisation
while retaining explicit control over battery operating constraints [43,77,81].

The net electricity cost over the evaluation horizon H is calculated from grid imports
and exports,

]energy = 2 [nimp(t)P;:r;Z(t) - nexp(t)ngiZ(t)} At, (16)
teH
where 7, and 77exp denote the import and export tariffs, respectively. This expression
provides the economic evaluation metric and is not directly minimised using a numerical
optimisation solver.

Battery degradation awareness is incorporated into the dispatch decision through an

effective electricity price,

neff(t) = 7Timp(t) - Ab(t)ndeg,buttr 17)

where Ay (#) is the applicable degradation weighting factor and 7. byt is the prescribed
marginal battery-wear penalty. Increasing the degradation weight reduces the effective
value of battery discharge, making discharge less attractive unless the prevailing tariff is
sufficiently high.

The controller evaluates this adjusted price against the configured discharge threshold,
subject to available PV generation, load demand, battery state of charge, and inverter power
limits. The adaptive supervisory layer further adjusts the degradation weight and discharge
threshold according to operating conditions, as described in the following subsection.

The PV-loss weighting coefficient, Ay, is retained for performance assessment and
does not directly modify battery dispatch or the prescribed PV ageing trajectory. The
controller therefore represents a deterministic, degradation-informed dispatch heuristic
rather than a numerical multi-objective optimisation solver.

3.6. Adaptive Supervisory Control

To extend the fixed-weight degradation-aware dispatch, a lightweight supervisory
layer adjusts the battery degradation penalty according to the prevailing operating condi-
tions. At each control interval, a bounded stress score, Sy (t), is evaluated from the battery
state of charge, cell temperature, load demand, and electricity import tariff. The adaptive
battery weight is then updated as

Ab(t) = Ab,min + Sb(t) (Ab,max - /\b,min)/ (18)

where A nin = 0 and Ap = 0.8 are the configured weighting limits.

The temperature indicator St is derived from modelled PV cell temperature rather
than measured battery temperature. It is therefore used as a prescribed thermal supervisory
signal. The battery stress score is calculated as

Sp(t) = clipyg 11045850 (£) +0.3557(t) +0.108. (£) +0.10S(t)], (19)

where Sg,c, St, S, and S; denote the normalised SoC, thermal, load, and tariff stress
indicators, respectively.
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For compact representation, define the bounded ramp function

r(x;a,b) = clip[oll] (;ﬂl), b>a, (20)

—a

where clipjy ;;(x) = min{1, max{0, x} }. The individual stress indicators are

e S0C(t) = S0Crmin
su(t) = Cllp[o,l] (SOCmaX — S0Cpin )’

Ssoc(t) = max{1 — r(s,(t);0.15,0.40), r(sx(t);0.60,0.85) },
St(t) = r(Teen(t); 30,40), (21)

. Pou t
SL(t) = Chp[o,l] <l3do()>/

S (t) = r(TTimp(t);0.19,033).

Temperature is expressed in degrees Celsius, load in kW, and electricity price in
GBP/kWh. The SoC indicator increases near its operating limits, while the other indicators
increase with their respective inputs. Since St uses modelled PV cell temperature, it is an
operational supervisory proxy rather than a direct measure of battery thermal ageing.

A separate thermal protection mechanism adjusts the discharge price threshold ac-
cording to

L (8) = Touign + krSr(b), (22)

where 710, = 0.31 GBP/kWh and k1 = 0.02 GBP/kWh. The lower charging-price thresh-

old is fixed at 0.25 GBP/kWh. The effective degradation penalty and thermal threshold are

supplied to the deterministic dispatch controller without changing its physical constraints.
The supervisor also evaluates a PV-related weighting signal,

P v, tem t
Spo(t) = clipyg ) |0.65S7(t) + 0.35 clipyg <p;6’7()>} o

Apo(t) = 0.208, ().

This signal is retained for supervisory monitoring and degradation-related assess-
ment. It does not directly alter battery dispatch or the prescribed PV ageing trajectory.
The resulting supervisory structure therefore provides state-dependent battery protection
through transparent, bounded rules while preserving the computational simplicity of the
underlying dispatch controller.

Controller Algorithm

Algorithm 1 summarises the deterministic dispatch procedure executed at each 15 min
interval. The controller prioritises local PV utilisation and surplus charging, with bat-
tery discharge and grid charging governed by tariff thresholds and operating constraints.
Scenario-specific SoC limits and thresholds are applied before dispatch. The Baseline
favours grid charging during 00:00-06:59 and discharge during 16:00-22:59; the Battery+PV-
Aware policy inhibits discharge at T,.;; > 35 °C. The Adaptive-Supervisory policy updates
its degradation weight and discharge threshold according to operating conditions.

The 35 °C PV-cell-temperature threshold is an illustrative supervisory setting used
to test conservative discharge behaviour under elevated PV operating temperatures. It is
not derived from battery thermal limits or experimental PV ageing measurements. The
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restriction therefore represents a prescribed operating policy, not active control of PV
material degradation or a calibrated battery-protection mechanism.

Algorithm 1 Degradation-Aware Dispatch Logic.

1: Inputs: SoC, Ppo,ac, Pioad, Timp, Teent, scenario s

: Outputs: Py, Py, P;ZZ, P;fiz

: Load scenario-specific SoC limits, tariff thresholds, and A,
: Apply adaptive supervisory updates or Baseline time-of-use overrides, as applicable
Teeff 4= Tlimp — MpTldeg batt

D < Piogq — va,uc

: Determine available charging and discharging power

: if s = Battery+PV-Aware and T,.;; > 35°C then
Disable battery discharge

: end if

11: if D > 0 then

12: if 77,rf > 7170, and discharge is available then

13: Discharge battery; import remaining demand

14: else if 71, < 71j>" and charging is available then

15: Charge battery from grid; import required power
16: else

17: Import net demand from grid

18: end if

19: else

20: Charge battery from PV surplus; export remainder
21: end if

22: Enforce operating limits and update SoC using (2)

© ©® NS U AW N
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o

Available battery power accounts for the scenario-specific SoC window, battery and
inverter ratings, and remaining energy capacity. Conversion efficiencies are included
in the SoC update. The controller implements deterministic operating rules rather than
numerical optimisation.

4. Experimental Design

Simulation experiments evaluate electricity operating cost, battery cycling, modelled
capacity fade, and PV performance. The experimental setup follows recent degradation-
aware energy management studies that assess operational trade-offs under consistent
physical and economic conditions [67,72,77,78]. A full-year simulation horizon with 15 min
resolution is adopted to capture seasonal demand variability, thermal effects, and cumula-
tive battery operation.

4.1. Dataset Preparation

The primary analysis uses reproducible synthetic operational profiles representing
residential electricity demand, solar irradiance, ambient temperature, and tariff-driven
dispatch conditions. Irradiance and temperature are generated from parameterised seasonal
and daily patterns, while residential demand combines time-dependent consumption
patterns with stochastic variability. Representative electricity import and export tariffs are
included to evaluate operating costs under different dispatch conditions [77,82].

The dataset is generated using the procedures, parameters, and random seeds speci-
fied in the accompanying repository. Identical input profiles are applied to all four principal
dispatch scenarios to ensure consistent comparison. Supplementary tariff sensitivity exper-
iments modify only the import-price profile, retaining the remaining system inputs and
model parameters.
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4.2. Validation Using Measured Residential Load and Meteorological Data

To assess the robustness of the proposed degradation-aware dispatch beyond the
synthetic operating profiles, a supplementary evaluation is performed using recorded
residential electricity demand and historical meteorological inputs. The objective is to
examine whether the degradation—cost trade-offs observed in the full-year simulation
persist under externally sourced operating conditions [72,77,83].

Household electricity demand is obtained from the open-access UK-DALE dataset.
Solar irradiance and ambient temperature are sourced from the European Commission
Joint Research Centre’s Photovoltaic Geographical Information System (PVGIS) [84]. The
PVGIS data are used to estimate PV generation through the system’s prescribed power
and temperature models; PV electricity production is therefore model-derived rather than
directly measured. An approximate Oxford-area meteorological reference is adopted for
this evaluation.

The datasets are aligned to a common 15 min time base. Missing residential demand
observations are excluded, and the longest continuous period is selected to avoid introduc-
ing artificial transitions into the battery state trajectory. The resulting validation dataset
comprises 19,032 consecutive intervals, covering 11 April to 26 October 2013 (198.25 days).

The same nominal system parameters, degradation models, and four dispatch poli-
cies used in the primary simulation are retained without recalibration. Battery energy
throughput, equivalent full cycles, and net grid electricity cost are evaluated over the
actual observation period and compared against the baseline policy. This supplemen-
tary evaluation tests the consistency of simulated dispatch behaviour under externally
sourced inputs, rather than providing physical or hardware-in-the-loop validation of the
PV-battery system.

4.3. Experimental Scenarios

Four operational scenarios are evaluated using identical demand, PV generation, tariff
profiles, and nominal system parameters, with policy-specific dispatch thresholds, battery
operating windows, and degradation-related settings:

* Baseline: A cost-oriented reference policy with A, = A,, = 0. It uses the nominal
SoC operating range of 10-90%, price thresholds of 0.19 and 0.33 GBP/kWh, and
time-of-use charging and discharging preferences.

*  Battery-Aware: A battery-conservative policy that narrows the SoC operating range to
15-85% and uses charging and discharging price thresholds of 0.25 and 0.31 GBP /kWh,
respectively. The implemented configuration retains A, = 0; consequently, battery
protection is achieved through the modified operating policy rather than an explicit
marginal degradation penalty.

¢ Battery+PV-Aware: A fixed degradation-aware policy employing a narrower SoC
range of 20-80%, charging and discharging thresholds of 0.26 and 0.325 GBP/kWh,
and a battery degradation weight of A, = 1.2. A PV-loss weight of Apv = 0.20 is
retained for performance assessment, while PV ageing remains exogenous to dispatch.
Battery discharge is additionally restricted at cell temperatures of 35 °C or above.

* Adaptive-Supervisory: A state-dependent policy in which the battery degradation
weight and discharge threshold are adjusted using the supervisory stress indicators
described previously. The policy retains deterministic dispatch logic and enforces its
configured battery operating limits.

These scenarios compare complete operating policies rather than isolate degradation
weighting. In particular, the Battery-Aware policy has no active marginal degradation
penalty; its cycling reduction arises from modified SoC limits and tariff thresholds. Differ-
ences among the four policies therefore reflect their combined operating constraints and
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supervisory settings. The separate adaptive ablations isolate the incremental contribution
of the two supervisory mechanisms.

To distinguish the contribution of supervisory adaptation from these policy-level differ-
ences, additional controlled ablation experiments evaluate the adaptive battery-weight and
thermal-protection mechanisms under the original tariff and two supplementary synthetic
tariff profiles.

4.4. Performance Evaluation

System performance is evaluated using electricity operating cost, battery energy
throughput, equivalent full cycles (EFCs), modelled capacity fade, degradation-related
cost, PV relative-power indicators, and computational performance. These metrics support
comparative assessment of operational and degradation-related trade-offs [78,81,85].

Net electricity cost is calculated from grid import expenditure less export revenue, as
defined in (16). Battery energy throughput is reported as cumulative discharged energy,
and the equivalent full cycles are calculated as

Y Puis(t)At
Erc="1__ | (24)
Enom
where E;,; is the nominal battery energy capacity. Battery capacity fade and its associated
economic proxy are estimated using the calendar and cycle degradation models described
previously. These estimates provide relative indicators of modelled degradation and are
not interpreted as experimentally calibrated predictions of battery service life.

PV performance is evaluated using the temperature- and ageing-adjusted power
model. The reported degradation indicators are model-derived and are not interpreted as
experimentally validated lifetime estimates.

For the primary 365-day experiment, cumulative metrics are reported as annual totals.
The supplementary UK-DALE/PVGIS evaluation reports totals over its actual 198.25-day
observation period without annualisation. Policy comparisons are expressed as absolute
values and percentage changes relative to the corresponding baseline under identical
input conditions.

All policy comparisons are deterministic and use matched input profiles. Cost and
cycling differences are reported descriptively, with no inferential confidence intervals or
statistical significance claims.

5. Results

The degradation-aware dispatch framework was evaluated over a full year at 15 min
resolution, comprising 35,040 operating intervals. This enabled the assessment of economic,
operational, and degradation-related performance under consistent input conditions. The
primary results compare four simulated dispatch policies, while supplementary experi-
ments examine adaptive supervisory behaviour under alternative tariff profiles.

5.1. Economic Performance

Economic performance is assessed through the annual net electricity operating cost,
calculated from grid import expenditure less export revenue using (16). Table 2 summarises
the results for the four dispatch policies.

The Baseline records an annual operating cost of GBP 1076.27. The Battery-Aware
policy reduces this to GBP 1075.13, representing a marginal saving of 0.11%. In contrast,
the Battery+PV-Aware policy increases the annual cost to GBP 1096.49, or 1.88% above
the Baseline. The Adaptive-Supervisory policy records the lowest cost of GBP 1056.74,
corresponding to a reduction of 1.81%.
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Table 2. Annual electricity operating cost and battery cycling performance across the four

dispatch policies.
Scenario Cost (GBP) Cost Change (%) EFCs EFC Reduction (%)
Baseline 1076.27 - 281.59 -
Battery-Aware 1075.13 -0.11 230.81 18.03
Battery+PV-Aware 1096.49 +1.88 199.66 29.10
Adaptive-Supervisory 1056.74 —1.81 257.68 8.49

These results demonstrate that more conservative battery operation does not necessar-
ily produce a substantial economic penalty. However, the differences reflect the combined
effects of policy-specific SoC limits, charging and discharging thresholds, and applicable
degradation penalties. They should therefore not be attributed exclusively to degradation
weighting or interpreted as evidence of globally optimal dispatch.

The relatively small cost differences are considered alongside battery cycling and
degradation indicators in the following subsections to establish the corresponding opera-
tional trade-offs.

5.2. Lifecycle Performance

Lifecycle performance is characterised using battery energy throughput, equivalent
full cycles (EFCs), and estimated state-of-health loss derived from the degradation models.
The percentage capacity loss is calculated as

T
Z AQcal(t) + AQcyc

ASoH = =1 5 x 100%, (25)
nom

where Qyom denotes the illustrative capacity-loss normalisation reference defined in

Section 3.3, and AQ., and AQcy. represent the modelled calendar and cycling-related
capacity losses, respectively.

The annual cycling results are summarised in Table 2. The Baseline completes
281.59 EFCs, compared with 230.81 EFCs for Battery-Aware and 199.66 EFCs for Battery+PV-
Aware. These correspond to reductions of 18.03% and 29.10%, respectively. The Adaptive-
Supervisory policy completes 257.68 EFCs, representing an 8.49% reduction relative to
the Baseline.

The Battery+PV-Aware policy therefore provides the greatest reduction in cycling
intensity, although this is accompanied by a modest increase in electricity operating cost.
In contrast, the Adaptive-Supervisory policy achieves a smaller cycling reduction while
maintaining the lowest annual electricity cost. These differences illustrate the trade-off
between conservative battery utilisation and short-term economic performance.

The estimated degradation indicators decrease under the more restrictive battery
operating policies, consistent with their lower cycling throughput. However, the reduced-
order ageing model provides comparative degradation estimates rather than experimentally
calibrated predictions of battery lifetime. Consequently, the observed EFC reductions
should not be interpreted as proportional extensions of battery service life or direct evidence
of reduced replacement frequency.

5.3. Modelled Battery Capacity Fade

Table 3 compares the modelled battery capacity fade across the four dispatch policies
using the illustrative ageing parameters described in Section 3.3.
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Table 3. Modelled battery capacity fade under the four dispatch policies.

Scenario Capacity Fade (%)
Baseline 0.00519
Battery-Aware 0.00433
Battery+PV-Aware 0.00365
Adaptive-Supervisory 0.00478

The modelled capacity fade decreases from 0.00519% for the Baseline to 0.00365% for
Battery+PV-Aware. These illustrative estimates indicate relative degradation differences,
but are not experimentally calibrated predictions of battery lifetime.

5.4. Computational Performance

The computational requirements of the four dispatch policies are assessed using
the average software execution time per simulation interval. The controller performs
deterministic power allocation and bounded supervisory calculations without solving a
horizon-wide mathematical optimisation problem. Table 4 summarises the computational
results alongside the annual inverter conversion losses.

Table 4. Computational performance and annual battery inverter losses.

Scenario Runtime (ms/Step) Battery Loss (kWh)
Baseline 0.258 126.28
Battery-Aware 0.261 103.66
Battery+PV-Aware 0.256 89.67
Adaptive-Supervisory 0.288 115.73

Average software execution time ranges from 0.256 to 0.288 ms per simulated interval.
The annual PV inverter losses remain constant at 65.22 kWh, while battery inverter losses
vary with battery utilisation. The reported runtime excludes data acquisition, communica-
tion, and actuation delays and does not establish hardware real-time performance.

5.5. Dispatch Behaviour

Figure 3 illustrates a representative seven-day operational profile under the Battery+PV-
Aware policy. The simulated trajectories show the interaction between PV generation,
residential demand, battery charging and discharging, grid exchange, and state of charge.
Battery operation follows the configured charging and discharging thresholds while re-
maining within the prescribed SoC and power limits.

The Battery+PV-Aware policy applies a narrower battery operating window and
more conservative discharge conditions than the Baseline. These restrictions limit battery
utilisation and contribute to the lower cumulative cycling reported in the annual results.
The observed behaviour reflects the combined effect of the operating thresholds, SoC
constraints, thermal restrictions, and degradation-related settings rather than any single
control parameter.

Although PV availability influences the energy balance and charging opportunities,
the underlying PV ageing trajectory remains prescribed independently of dispatch. Conse-
quently, the observed reduction in battery cycling should not be interpreted as evidence of
active PV degradation control.
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Figure 3. Representative seven-day dispatch profile under the Battery+PV-Aware policy.

5.6. Statistical Interpretation

The four policies are evaluated using matched demand, PV generation, and tariff
inputs, allowing direct comparison under the specified simulation conditions. The annual
differences in electricity cost relative to the Baseline are —0.11%, +1.88%, and —1.81% for
Battery-Aware, Battery+PV-Aware, and Adaptive-Supervisory dispatch, respectively.

These are results from deterministic scenarios. No inferential test or confidence interval
is reported. Statistical significance and generalisation to other operating conditions are
not established. The observed EFC reductions similarly describe the evaluated trajectories
rather than the uncertainty in different weather years, households, or tariffs.

5.7. Adaptive Supervisory Control Performance

The Adaptive-Supervisory policy was evaluated over the same full-year, 15 min
horizon as the fixed policies. As reported in the preceding comparisons, it achieves the
lowest annual electricity cost (GBP 1056.74), reducing cost by 1.81% and equivalent full
cycles (EFCs) by 8.49% relative to the Baseline. However, its cycling reduction is smaller
than those of the fixed Battery-Aware and Battery+PV-Aware policies, indicating a different
cost-degradation trade-off.

Controlled ablations were conducted to distinguish the effects of adaptive battery-
weight adjustment and thermal discharge protection from the underlying dispatch configu-
ration. Under the original three-level tariff, disabling either or both mechanisms produced
identical dispatch trajectories, costs, and EFCs. Thus, the observed improvements relative
to the Baseline cannot be attributed to active supervisory adaptation under this tariff.

Table 5 evaluates the contribution of the adaptive supervisory mechanisms by compar-
ing the controller with adaptive degradation weighting and thermal discharge protection
jointly enabled and disabled under three electricity import-price profiles. The reference
time-of-use (TOU) tariff corresponds to the main annual simulation, while the smoothed
TOU and variable synthetic tariffs provide supplementary sensitivity tests. The smoothed
TOU tariff reduces short-term price fluctuations, whereas the variable synthetic tariff intro-
duces an independently generated periodic price pattern. Both supplementary profiles are
prescribed synthetic sensitivity inputs, with all other system inputs and parameters held
constant. Annual electricity cost and battery equivalent full cycles (EFCs) are compared to
assess the economic and cycling effects of the supervisory mechanisms.
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Table 5. Combined supervisory ablation under three tariff profiles.
Enabled Disabled
Tariff Cost (GBP) EFCs Cost (GBP) EFCs
Reference TOU 1056.74 257.68 1056.74 257.68
Smoothed TOU 1086.74 255.24 1087.81 260.83
Variable synthetic 1609.88 142.22 1610.68 158.29

For the reference TOU tariff, import prices take values of 0.09, 0.21, and 0.39 GBP/kWh.
With a base discharge threshold of 0.31 GBP/kWh and a maximum weighted degradation
penalty of 0.024 GBP/kWh, none of these prices falls within the weight-sensitive discharge
range. Consequently, varying the battery weight does not change the price-based discharge
decision under this tariff.

Relative to the disabled-supervisor configuration, adaptive supervision reduces EFCs
by 2.14% and 10.15% under the smoothed and independent tariffs, respectively, with corre-
sponding cost reductions of approximately 0.10% and 0.05%. Battery-weight adaptation
influences both supplementary cases, whereas thermal protection affects dispatch only
under the independent tariff.

These findings indicate that adaptive supervision provides incremental cost-cycling
benefits only when tariff conditions activate its supervisory mechanisms. Under the original
tariff, no additional benefit is observed. The fixed Battery+PV-Aware policy achieves greater
cycling reduction under the main annual conditions, but at a higher electricity cost.

To isolate the degradation weighting from the combined supervisory mechanisms,
Table 6 compares zero, fixed, and adaptive battery weights under identical operating
constraints across the same three tariff profiles.

Table 6. Fixed and adaptive degradation weighting under identical operating constraints.

Reference TOU Smoothed TOU Variable Synthetic

s op. Cost Cost Cost
Weighting (GBP) EFCs (GBP) EFCs (GBP) EFCs
Zero 1056.74 257.68 1087.81 260.83 1610.75 157.95
Fixed 0.4 1056.74 257.68 1087.74 259.90 1608.89 146.54
Fixed 0.8 1056.74 257.68 1087.13 254.13 1621.79 92.40
Adaptive 1056.74 257.68 1086.74 255.24 1609.88 142.22

Under the reference TOU tariff, all weighting configurations produce identical out-
comes because import prices remain outside the weight-sensitive discharge threshold
range. Under supplementary tariffs, weighting influences dispatch and reveals distinct
cost—cycling trade-offs. Adaptive weighting achieves the lowest cost under smoothed TOU,
but does not consistently outperform fixed weighting under the variable synthetic tariff.

5.8. Supplementary Results Using Measured Data

The four dispatch policies were further evaluated using UK-DALE residential de-
mand and PVGIS-derived meteorological inputs, retaining the same system parameters,
degradation models, and dispatch logic. The dataset comprises 19,032 consecutive 15 min
intervals (198.25 days, 11 April-26 October 2013). Results are reported over this period
without annualisation.

As shown in Table 7, all three alternative policies reduce battery cycling relative to the
Baseline. Battery+PV-Aware achieves the largest reduction (20.67%). This preserves the
qualitative trend observed in the annual synthetic simulation, although the reduction mag-
nitudes differ with operating inputs. Negative net electricity costs indicate that modelled
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export revenue exceeds import expenditure under the assumed tariffs. The absolute cost
differences remain small, and their statistical significance has not been established.

Table 7. Dispatch performance using UK-DALE demand and PVGIS meteorological inputs over
198.25 days.

Scenario Net Cost (GBP) EFCs EFC Reduction (%)
Baseline —7.69 73.81 -
Battery-Aware -9.89 59.40 19.52
Battery+PV-Aware -9.36 58.55 20.67
Adaptive-Supervisory —9.93 59.59 19.27

These results support the consistency of comparative cycling trends across synthetic
and externally sourced inputs. However, PV generation remains model-derived, tariffs are
prescribed, and degradation is not physically measured. The experiment therefore provides
measured-input simulation evidence rather than physical validation of battery lifetime or a
synchronised digital twin.

6. Discussion

The proposed framework demonstrates how degradation-related indicators can inform
PV-battery dispatch through transparent, computationally lightweight operating rules.
Compared with the Baseline, the Battery-Aware and Battery+PV-Aware policies reduce
annual equivalent full cycles (EFCs) by 18.03% and 29.10%, respectively, with changes in
electricity-cost of —0.11% and +1.88%. These results reflect combined differences in SoC
limits, tariff thresholds, thermal restrictions, and degradation weighting rather than the
isolated effect of any single mechanism. Modelled battery capacity fade decreases from
0.00519% to 0.00365% between the Baseline and Battery+PV-Aware policies. However, the
illustrative ageing parameters do not support direct claims about extended service life.

The Adaptive-Supervisory policy achieves annual reductions of 1.81% in operating
cost and 8.49% in EFCs relative to the Baseline. Although fixed Battery+PV-Aware dis-
patch achieves greater cycling reduction, adaptive supervision permits state-dependent
adjustment of battery-wear weighting and discharge thresholds. Controlled ablations do
not show an incremental supervisory effect under the original three-level tariff, whereas
the smoothed and independent synthetic tariffs yield additional EFC reductions of 2.14%
and 10.15%, respectively, relative to disabled-supervisor configurations. Thus, supervisory
effectiveness depends on tariff structure and threshold interactions rather than dynamic
weighting alone.

Supplementary simulations using UK-DALE demand and PVGIS meteorological in-
puts show the same direction of cycling reduction over 198.25 days. Relative to the Baseline,
EFCs decrease by 19.52%, 20.67%, and 19.27% for Battery-Aware, Battery+PV-Aware, and
Adaptive-Supervisory dispatch, respectively. Net electricity-cost differences remain small
in absolute terms and depend on the assumed tariffs. These findings support comparative
consistency across the evaluated inputs but do not constitute physical validation of the
degradation models or PV-battery system.

The modelled cycling reductions indicate lower battery utilisation under the evaluated
policies, but do not establish longer service life or reduced lifecycle environmental impacts.
Quantitative environmental benefits remain unverified.

The modular Python implementation includes a Streamlit dashboard (Figure 4) to
examine the dispatch trajectories, degradation indicators, and cost—cycling trade-offs. It
provides an interactive simulation-based decision-support environment, rather than a
digital twin synchronised with physical equipment.
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Figure 4. Streamlit interface for examining dispatch, degradation indicators, and operational performance.

Limitations and Future Work

The reduced-order degradation models employed in this study capture selected bat-
tery and PV ageing mechanisms but simplify the underlying electrochemical and thermo-
mechanical processes. In particular, the battery models do not explicitly represent internal
resistance growth, solid—electrolyte interphase evolution, or nonlinear temperature—current
interactions. Furthermore, the ageing coefficients are illustrative rather than calibrated
against experimental lifetime data. Consequently, the estimated capacity fade and degra-
dation costs are suitable for comparative assessment but cannot establish absolute battery
lifetime or replacement intervals. Future research will investigate experimentally cali-
brated, physics-informed and hybrid degradation models to improve predictive fidelity
while retaining computational efficiency.

The principal dispatch policies employ different SoC operating windows, tariff thresh-
olds, and degradation-related settings; their performance differences therefore cannot be
attributed exclusively to degradation weighting. A supplementary controlled comparison
isolates battery weighting under identical operating constraints and demonstrates that its
influence depends on the tariff profile. Under the original three-level tariff, weighting does
not alter dispatch, whereas supplementary synthetic tariffs reveal distinct cost—cycling
trade-offs between fixed and adaptive weighting. These deterministic findings do not
establish general superiority across tariff conditions. Future work will investigate broader
parameter sensitivity and comparisons against established optimisation-based controllers.
PV ageing remains prescribed independently of dispatch.

The present analysis uses deterministic operating inputs and simulation-based system
models. Although supplementary evaluation incorporates measured residential demand
and historical meteorological inputs, PV generation remains model-derived. The frame-
work has not undergone physical PV-battery validation, hardware-in-the-loop testing, or
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live measurement synchronisation. Economic differences are deterministic outcomes with-
out inferential significance testing. Future work will address uncertainty-aware dispatch,
statistical evaluation, lifecycle environmental assessment, and experimental validation.

7. Conclusions

This study developed a degradation-aware, digital-twin-inspired dispatch framework
for inverter-interfaced photovoltaic-battery energy systems. The framework integrates
reduced-order battery ageing models, prescribed PV degradation, and deterministic energy-
management rules to incorporate lifecycle considerations into operational decision-making.
The proposed approach provides a computationally lightweight means of examining
electricity-cost and battery-preservation trade-offs without requiring numerical optimisa-
tion or data-intensive learning methods.

Full-year simulations demonstrate that the Battery-Aware and Battery+PV-Aware
policies reduce annual equivalent full cycles by 18.03% and 29.10%, respectively, relative
to the Baseline, with corresponding electricity-cost changes of —0.11% and +1.88%. The
Adaptive-Supervisory policy achieves an 8.49% reduction in battery cycling alongside
a 1.81% reduction in operating cost. These outcomes reflect the combined effects of the
respective operating thresholds, battery constraints, and degradation-related settings rather
than degradation weighting alone.

The adaptive supervisory extension introduces state-dependent battery degradation
weighting and discharge protection. Controlled ablations show no incremental supervisory
benefit under the original three-level tariff, but demonstrate cycling reductions of 2.14%
and 10.15% under supplementary synthetic tariff profiles. Additional equal-constraints
comparisons confirm that degradation weighting influences dispatch under variable tariffs,
although adaptive weighting does not consistently outperform fixed alternatives. The
resulting cost-cycling trade-offs are therefore conditional on tariff characteristics and
controller settings. Average simulation execution time remains below 0.3 ms per interval.

The principal contribution lies in providing a transparent and reproducible frame-
work through which degradation-related indicators can inform routine PV-battery energy
management. Battery wear is represented through a marginal dispatch penalty, while PV
ageing and temperature-dependent performance losses are incorporated into the system
model and evaluation. Supplementary assessment using UK-DALE residential demand
and PVGIS meteorological inputs further supports the consistency of battery-cycling re-
ductions, with the three alternative policies achieving reductions of 19.27-20.67% over the
198.25-day observation period.

These findings establish comparative improvements in simulated battery cycling,
not experimentally verified lifetime extension or environmental benefits. The ageing
parameters remain illustrative, and the present implementation is an offline, simulation-
based digital counterpart rather than a physically synchronised digital twin. Future work
will prioritise calibrated ageing models, broader operating-condition sensitivity, statistical
evaluation, and physical or hardware-in-the-loop validation.
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Data Availability Statement: The complete implementation of the degradation-aware dispatch
framework, including source code, configuration files, and simulation output, is available at
https:/ /github.com/ogatech4real /Material_Aware_Digital_Twin (accessed on 21 October 2026). An
interactive Streamlit-based dashboard is available to visualise dispatch behaviour, degradation met-
rics, and key performance indicators https:/ /pvbattdt.streamlit.app/ (accessed on 21 October 2026).
All simulations are reproducible using fixed random seeds and tested on Python 3.10+. The modular
architecture supports reproducibility and extension without modification of the core workflow.
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Abbreviations and Nomenclature

Nomenclature
Aps Apo Battery degradation and PV loss weights
SoC, SoH, DoD  State of charge, state of health, depth of discharge
Sy Normalised battery stress indicator
PR Modelled PV relative-power indicator
Cdeg Estimated battery degradation cost
Closs,po Modelled PV performance-loss cost
Pov, Pioad PV generation and electrical demand
P, Pyis Battery charging and discharging power
Pimp, Pexp Grid import and export power
At Simulation time-step duration
Abbreviations
PV, BESS Photovoltaic; battery energy storage system
DT, MPC Digital twin; model predictive control
Al, DRL Artificial intelligence; deep reinforcement learning
LID, PID Light-induced; potential-induced degradation
LCOE, LCOS Levelised cost of energy; storage
KPI, EFC Key performance indicator; equivalent full cycle
HIL Hardware-in-the-loop
DT-M, DT-O Digital-twin monitoring; operational decision-making
LCO Lifecycle-related cost modelling
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