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ABSTRACT: This paper investigates the problem of enhancing renewable self-consumption in rural integrated energy
systems under simultaneous uncertainty in renewable generation and demand-side participation. High penetration of
distributed photovoltaic and wind resources in rural communities often leads to pronounced temporal mismatches
between supply and demand, exacerbated by limited export capacity and imperfect reliability of flexible loads. To
address this challenge, a unified robust optimization framework is developed to jointly coordinate heterogeneous
flexible demand and distributed battery storage within a single operational decision model. The formulation explicitly
captures intertemporal storage dynamics, diverse load flexibility characteristics, and bilateral uncertainty arising from
renewable forecast deviations of up to £20% for solar and +35% for wind, as well as demand response participation
losses of up to 30%. Budgeted uncertainty sets are employed to represent worst-case yet plausible realizations, and the
resulting min-max problem is reformulated into an equivalent single-level optimization model through dualization to
ensure computational tractability. A representative rural case study with 120 aggregated users, 1.05 MW of photovoltaic
capacity, 350 kW of wind generation, and 1.8 MWh of battery storage demonstrates the effectiveness of the proposed
approach. Compared with deterministic scheduling, the robust strategy increases the average daily renewable self-
consumption rate from 73% to 85% and guarantees a minimum self-consumption level of 68% under all admissible
uncertainty realizations. Worst-case unserved energy is reduced by approximately 90%, from 1550 kWh to below
200 kWHh, at the cost of a moderate increase in daily operational expenditure. These results provide quantitative evidence
that coordinated load-storage optimization under uncertainty can transform renewable self-consumption from a highly
volatile outcome into a reliable operational service for rural energy systems.

KEYWORDS: Renewable self-consumption; robust optimization; demand response uncertainty; energy storage coor-
dination; rural integrated energy systems; flexible load scheduling

1 Introduction

The rapid expansion of distributed renewable energy technologies has profoundly altered the oper-
ational landscape of local energy systems [1], particularly in rural regions where photovoltaic and wind
resources are increasingly deployed at the community and household levels [2,3]. In these settings, renewable
generation is often abundant yet temporally misaligned with demand, leading to substantial curtailment or
low-value energy exports [4-6]. As a result, the central challenge facing rural integrated energy systems has
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shifted from ensuring sufficient generation capacity to maximizing the effective utilization of locally avail-
able renewable energy [7-9]. Renewable self-consumption has therefore emerged as a critical operational
objective, closely linked to economic efficiency, energy autonomy, and system resilience.

Recent studies on renewable-rich energy systems have continued to emphasize generation planning,
capacity adequacy, and grid integration issues [10-12]. As renewable penetration increased [13], scholarly
attention gradually moved toward operational strategies capable of mitigating variability and uncer-
tainty [14,15]. Within this evolving literature [16], demand response and energy storage have been widely
recognized as two fundamental flexibility resources [17,18]. Demand response enables temporal adaptation of
consumption patterns to better align with renewable availability, while energy storage provides a mechanism
for intertemporal energy shifting across hours or days. A substantial body of work has demonstrated that both
resources can individually reduce renewable curtailment and improve system performance [19]. However,
much of this research has been conducted under deterministic assumptions or within simplified operational
frameworks that abstract away important interactions and uncertainties [20,21].

Research on demand response has explored a wide range of modeling approaches, from price-based
elasticity formulations to direct load control schemes. Flexible loads have been categorized into shiftable,
interruptible, and thermostatically controlled types, each with distinct temporal characteristics and opera-
tional constraints. Studies incorporating these distinctions have shown that heterogeneous load flexibility
can significantly enhance renewable utilization, especially in residential and agricultural contexts [22,23].
Nonetheless, many demand response models implicitly assume full availability and compliance of flexible
loads, overlooking behavioral variability, communication failures, and context-dependent participation.
These assumptions are particularly tenuous in rural energy systems, where user engagement is heterogeneous
and infrastructure constraints can limit reliable control.

Parallel to demand-side research, extensive work has examined the role of energy storage in renewable-
dominated systems [24,25]. Storage technologies, especially batteries, have been modeled as bufters that
absorb excess renewable generation and release energy during periods of deficit. Detailed representations
of state-of-charge dynamics, efficiency losses, and degradation effects have been developed, highlighting the
trade-offs between operational flexibility and long-term asset health. While storage-centric approaches have
proven effective in smoothing renewable output, they often treat demand as largely inflexible or exogenous.
Such formulations risk overstating the role of storage and underutilizing available demand-side flexibility,
particularly in small-scale systems where storage investment and cycling costs are nontrivial.

Recognizing these limitations, a growing strand of the literature has begun to integrate demand response
and energy storage within unified operational models. Studies on microgrids, energy hubs, and community
energy systems suggest that coordinated scheduling of loads and storage can outperform strategies based on
either resource alone [26,27]. These integrated models demonstrate improved renewable utilization, reduced
operational costs, and enhanced reliability. However, many existing approaches rely on sequential decision
structures or loosely coupled formulations, in which load flexibility and storage are optimized in separate
stages or with limited interaction. Such decompositions obscure the intrinsic coupling between short-term
load adaptation and longer-term storage dynamics, particularly under uncertain operating conditions.

Uncertainty modeling constitutes another critical dimension of the literature. Renewable generation
uncertainty has been extensively addressed using stochastic programming, chance-constrained optimiza-
tion, and robust optimization [28,29]. Among these approaches, robust optimization has gained prominence
for its ability to provide feasibility guarantees under bounded uncertainty without requiring precise prob-
abilistic information. Budgeted uncertainty sets and polyhedral formulations have been widely adopted to
balance conservatism and tractability. In contrast, uncertainty in demand response availability has received
comparatively less systematic treatment. While some studies incorporate participation rates or probabilistic
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response models, many implicitly assume that flexible loads respond as scheduled, an assumption that is
difficult to justify in practice.

Recent efforts have begun to acknowledge the imperfect reliability of demand-side flexibility by
introducing participation constraints, degradation factors, or incentive-based response mechanisms. These
models recognize that demand response is influenced by behavioral, social, and infrastructural factors
that vary across users and time. Nevertheless, the joint consideration of renewable generation uncertainty
and demand-side participation uncertainty remains limited, particularly within integrated load-storage
frameworks. Existing studies tend to address these uncertainties separately or within stochastic settings that
do not explicitly safeguard against worst-case interactions between supply-side and demand-side variability.

From an operational perspective, rural integrated energy systems present unique challenges that
distinguish them from urban or industrial counterparts. System scale is smaller, load diversity is higher,
and flexibility resources are more constrained. Exporting excess renewable energy may be limited by
grid capacity or unfavorable pricing, amplifying the importance of local self-consumption. At the same
time, uncertainty effects are magnified, as individual load behaviors and localized weather conditions can
exert disproportionate influence on system performance. These characteristics underscore the need for
coordination strategies that are not only efficient under expected conditions but also robust to adverse
realizations of renewable output and demand-side availability.

Motivated by these observations, this paper develops a unified optimization framework for coordinated
load-storage interaction aimed at enhancing renewable self-consumption in rural integrated energy systems
under uncertainty. The proposed approach explicitly models heterogeneous flexible loads and distributed
energy storage within a single scheduling problem, capturing their complementary roles and interdependen-
cies. Flexible loads are represented through physically and behaviorally grounded constraints that account for
temporal feasibility, comfort requirements, and participation uncertainty, while storage systems are modeled
with detailed intertemporal dynamics, efficiency losses, and degradation considerations. Rather than relying
on deterministic forecasts or purely stochastic scenarios, the framework adopts a robust optimization per-
spective that simultaneously addresses uncertainty in renewable generation and demand-side participation.
A central contribution of the proposed framework lies in its explicit treatment of load—-storage interaction
under worst-case conditions. By embedding both supply-side and demand-side uncertainty directly into
the optimization structure, the model reveals nontrivial trade-offs between short-term load adaptation and
longer-term storage utilization that are obscured in decoupled or deterministic formulations. The resulting
coordination strategies are designed to remain feasible and effective across a wide range of operating
conditions, thereby improving the resilience and reliability of renewable self-consumption performance.
Through this integrated perspective, the paper contributes to the evolving literature on renewable-rich energy
systems by advancing the methodological treatment of flexibility coordination under uncertainty and by
addressing the specific operational realities of rural integrated energy systems.

This paper develops a unified robust optimization framework that coordinates heterogeneous flexible
loads and distributed storage to enhance renewable self-consumption in rural integrated energy systems by
explicitly managing the bilateral uncertainties of generation supply and demand-side participation.

2 Research Background and System Architecture

To respond to the reviewer’s suggestion, this section is newly added to strengthen the background-to-
model transition and to explicitly describe the equipment-level architecture that underpins the proposed
robust coordination framework. In particular, we clarify how photovoltaic generation, wind generation,
and battery energy storage interact with heterogeneous flexible loads through the community-level energy
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balance and operational control interfaces, which motivates the unified optimization formulation in the
subsequent section.

2.1 System Architecture and Energy Flow Logic

The rural integrated energy system considered in this study is organized around a community-scale
operational boundary. On the supply side, distributed photovoltaic (PV) units and wind turbines provide
renewable electricity with pronounced intra-day variability. On the demand side, aggregated end users
consist of a mixture of inflexible base consumption and controllable flexible components, including shiftable
loads, interruptible loads, and thermostatically controlled loads. In addition, distributed battery energy
storage systems are deployed as an intertemporal buffer to absorb renewable surplus and release energy
during deficit periods. The entire system is connected to the external grid through a point of common
coupling (PCC), which provides supplementary import capability and, when permitted, export capability.

The overall energy flow logic is as follows. When renewable generation exceeds the coincident demand,
the system prioritizes local self-consumption by first allocating energy to satisfy base demand, then activating
flexible demand to increase renewable absorption, and finally charging the battery storage to shift surplus
energy to later periods. When renewable generation is insufficient, the system maintains operational balance
by discharging the battery and, if necessary, adapting flexible demand through controlled interruption or
temporal shifting, while residual deficits are covered by grid imports. This structure highlights that renewable
self-consumption is not a passive outcome of resource availability but a coordinated operational service
enabled by the joint use of demand-side flexibility and storage.

Fig. 1 is placed in this section to visualize the above architecture and the coordination logic among
renewable sources, flexible loads, and storage. The figure provides a system-level view of the decision inter-
faces that are later formalized in the optimization model, including renewable injection, load adjustment,
storage charging and discharging, and grid exchange at the PCC.

Renewable Uncertainty Participation Uncertainty
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Figure 1: A unified robust optimization framework for resilient rural renewable self-consumption.

2.2 Equipment-Level Modeling Principles for PV, Wind, and Energy Storage

Photovoltaic generation is modeled as a time-varying renewable source whose output follows the solar
resource profile and is affected by forecast errors and short-term weather fluctuations. In the scheduling
context, PV output is treated as an uncertain supply input with bounded deviation around a nominal
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forecast, representing the practical limitation that dispatch decisions must be made before the true irradiance
realization is known. Wind generation is modeled in a similar manner as a stochastic renewable source with
distinct temporal characteristics and potentially larger forecast uncertainty. At the community scale, wind
output is represented through a time-dependent availability profile with bounded deviations, enabling the
model to capture adverse yet plausible reductions in renewable supply.

Battery energy storage is modeled as an intertemporal flexibility resource that converts renewable
surplus into a stored energy reserve and releases this reserve during deficit hours. The storage model captures
three operational principles that are essential for methodological consistency. First, storage operation is
time-coupled, meaning that charging decisions in earlier periods determine the feasible discharge capa-
bility in later periods, which is critical for defending against unfavorable renewable realizations. Second,
storage operation is physically limited by energy capacity and power rating constraints, which prevent
unrealistic instantaneous absorption or delivery of energy. Third, storage usage entails wear and degradation,
so cycling intensity is discouraged through explicit penalization to avoid artificially inflating renewable
self-consumption via excessive charge-discharge oscillations.

2.3 Why This Section Is Necessary for the Subsequent Optimization Formulation

The above architecture and equipment-level principles directly motivate the unified optimization
formulation developed in the next section. Specifically, the simultaneous presence of uncertain renewable
supply and imperfectly reliable demand-side flexibility implies that decisions based solely on nominal
forecasts can lead to fragile schedules with high downside risk. Moreover, because flexible loads and
storage interact through the same community energy balance, treating them in separate stages can obscure
critical trade-offs between short-term demand adaptation and longer-term energy reserves. Therefore,
a unified coordination model is required to jointly schedule flexible loads and storage while explicitly
protecting feasibility and performance against adverse realizations of both renewable uncertainty and
participation uncertainty. By adding this section, the manuscript now provides a complete and transparent
path from the practical system background, to equipment-level modeling logic, and finally to the robust
optimization formulation.

2.4 Notation Consistency and Index Structure

For clarity and mathematical rigor, all indices and sets used throughout the formulation are explicitly
defined and consistently maintained in the reformulation process.

Let t € 7 denote the scheduling time index over the defined horizon. Let i € £ represent flexible load
categories, and let s € S denote uncertainty realization scenarios where applicable. Renewable sources are
indexed within set R, and storage units are indexed within set .

During the transition from the multi-scenario uncertainty representation to the single-level robust
counterpart, scenario indices are formally eliminated through dual reformulation rather than implicitly
removed. All constraints in the final model therefore remain defined over 7 and relevant equipment sets,
while uncertainty effects are embedded through auxiliary dual variables.

This explicit index preservation ensures notational consistency and prevents loss of structural informa-
tion during reformulation.

3 Propose Method

The mathematical formulation presented in this section establishes a unified operational representation
of a rural integrated energy system with high renewable penetration, explicitly capturing the interactive
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roles of flexible demand and distributed energy storage in enhancing renewable self-consumption. The
model is developed at the community level and considers heterogeneous load categories, intertemporal
storage dynamics, and system-wide power balance under uncertainty. Rather than isolating individual
flexibility resources, the formulation integrates load adaptation and storage dispatch within a single decision
framework, enabling coordinated responses to renewable variability while respecting physical, operational,
and behavioral constraints. The resulting structure provides a rigorous foundation for analyzing how
load-storage interaction shapes renewable utilization outcomes under diverse operating conditions.

max Z Z nw( Z o tw+ Z ngh O'sc)};)w - Z ¢ (af)};)w + agitfw)z) )

%0 € (T wel lel s€S seS

At the system level, renewable self-consumption is maximized by aggregating flexible demand absorp-
tion and storage charging actions across all time periods t € 7 and uncertainty realizations w € (), where
7, denotes the weight associated with each admissible scenario. The variable &y ; , represents the amount
of renewable energy effectively absorbed by flexible load ¢, while ¢ | and odif,
discharging power of storage unit s, respectively. Charging efficiency is explicitly captured by 5", whereas
the quadratic term weighted by (; penalizes intensive cycling behavior in order to internalize degradation

effects and suppress artificial inflation of self-consumption through aggressive intertemporal arbitrage.

min > 2 (KEh || + ) (cxijff)z) Sl e, o)

teT Lel seS teT

describe charging and

Operational realism is reinforced by explicitly penalizing flexibility activation and storage wear, where
aZflt and ocig’,‘tt quantify shifted and interrupted demand of load /. The coefficients th and " encode hetero-
geneous discomfort and disruption costs, with quadratic penalization discouraging excessive interruption.
Storage degradation accumulation is represented by ¢; ;, scaled by xdee, ensuring that coordination strategies

remain economically disciplined and physically credible rather than purely mathematical.

Z (ig»t - aZ?t,w - ‘xiﬂr,ltt,a)) + Z (O'sdltsw - Osc,t;,w) = Z ((Pr,t + 5r,t,w) (3)
lel seS reR

Instantaneous power equilibrium is enforced by equating effective net demand with realized renewable
supply at each time period and scenario. Baseline consumption A, ; is adjusted through shifting and inter-
ruption decisions, while storage discharging and charging terms represent intertemporal energy exchange.
Renewable generation is decomposed into forecasted availability ¢, ; and uncertain deviation &, ,, thereby
embedding supply uncertainty directly into the balance condition and tightly coupling demand-side and
storage responses.

3.1 Unified Optimization Objective and Trade-Off Structure

Before introducing the robust reformulation procedure, it is necessary to formally clarify the structure
of the optimization objective and the manner in which competing operational goals are handled.

The proposed framework does not treat renewable self-consumption maximization and operational cost
minimization as two independent optimization problems. Instead, these objectives are integrated within a
single unified formulation through a weighted trade-oft structure. Renewable self-consumption represents
the primary system-level performance target, while operational costs—including flexibility activation penal-
ties and storage degradation costs—serve as economic regularization terms that prevent unrealistic or overly
aggressive scheduling behavior.
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Specifically, the overall optimization problem is formulated as a single-level objective that maximizes
effective renewable absorption while simultaneously internalizing the economic impacts of load shifting,
load interruption, and battery cycling. The weighting parameters associated with cost components reflect
the relative importance of economic discipline vs. renewable utilization performance. By adjusting these
parameters, system operators can explicitly control the trade-off between higher self-consumption rates and
lower operational expenditures.

This unified formulation ensures that the resulting scheduling strategy does not artificially inflate renew-
able self-consumption at the expense of excessive degradation or unreasonable demand disruption. Instead,
it produces a balanced coordination solution that reflects both technical efficiency and economic rationality.

Accordingly, the mathematical problem can be described as a constrained optimization problem defined
over the feasible set of load flexibility decisions and storage dispatch actions, subject to power balance,
equipment operational limits, and uncertainty sets. The robust reformulation presented in the subsequent
subsection transforms this single-objective problem under bilateral uncertainty into an equivalent tractable
optimization model while preserving the defined trade-off structure.

>, = > A xe (4)

teTy teTy

Energy conservation for shiftable loads is preserved by enforcing that total shifted demand within the
admissible time window 7; equals baseline consumption scaled by elasticity factor y,. This formulation
prevents artificial creation or elimination of energy through temporal relocation and ensures that shifting
decisions reflect genuine flexibility rather than accounting artifacts.

0 < aieil:’w < U(}t . /_lf,t (5)

Instantaneous interruption of load ¢ is bounded by tolerance parameter v, ;, which captures technical
constraints, service continuity requirements, and behavioral willingness to curtail demand. By linking
allowable interruption directly to baseline consumption Ay, ;, the model ensures proportional and realistic
curtailment behavior across heterogeneous loads.

_ ch _ch 1 dis
Es,t+L0 = €s,t,0 T N5 O5 0~ s Os,t0 (©)
S

Intertemporal storage dynamics are governed by the evolution of energy state €, ; ,, where charging
d4is This relationship captures

conversion losses explicitly and forms the backbone of temporal energy shifting, ensuring physically

and discharging actions are weighted by asymmetric efficiencies #<" and #

consistent storage behavior under uncertainty.

€< €10S<E, VseS, VteT,Vwel (7)

Physical feasibility of energy storage operation is ensured by constraining the state variable €; ¢ 4
within minimum and maximum admissible bounds ¢, and €;, which reflect safety limits, depth-of-discharge
considerations, and long-term degradation constraints associated with storage technology s. By enforcing
these bounds uniformly across time and uncertainty realizations, the formulation prevents infeasible or
unsafe accumulation and depletion of stored energy.

h —ch
0<o0,,,<0,,

di —dis
o S 0<0 i ,<0,, Vs tw (8)

s,t,w
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Instantaneous charging and discharging actions are restricted by upper bounds Egh and Efis, which
capture converter capacity, interconnection ratings, and thermal constraints of storage unit s. These limits
ensure that storage responses to renewable variability remain physically realizable and consistent with
equipment capabilities under all uncertainty scenarios.
asc,};,w . asd,its,w =0, Vs tw (9)

Operational exclusivity between charging and discharging modes is enforced by prohibiting simul-
taneous activation within the same time interval. This nonconvex complementarity condition eliminates
physically impossible arbitrage loops and ensures that storage behavior accurately reflects real-world
operational logic rather than abstract mathematical flexibility.

00,0110 = pe Ot + Ve al’y = &0 (000 — 03™) (10)

Thermal dynamics of thermostatically controlled loads are captured through the evolution of internal
state 0y ,, where inertia coefficient py models heat retention, control variable ocg‘t) ., represents electrical
actuation, and dissipation parameter &, governs heat exchange with ambient temperature 63™. This
formulation enables realistic modeling of comfort-driven flexibility with explicit temporal coupling.

0,<000<0n Vit (11)

Comfort and safety requirements for thermostatically controlled loads are enforced by bounding
internal temperature states between minimum and maximum acceptable levels 8, and ;. These bounds
prevent flexibility exploitation that would violate occupant comfort or equipment constraints, thereby
maintaining behavioral and physical plausibility.

Prtw = (i)r,t + (Sr,t,w) 8r,t,w € [_Sr,t) 8r,t:| (12)

Renewable generation uncertainty is explicitly represented by decomposing realized output ¢, ; ., into
a nominal forecast component ¢, ; and a bounded deviation term 6, ¢ ,. The symmetric bounds 5” define
the admissible uncertainty set, enabling adversarial yet plausible realizations of renewable variability without
relying on precise probabilistic assumptions.

Ao =0 (1= Vorw)s Yeto € [0»¢£] (13)

Uncertainty in demand-side participation is captured by scaling nominal flexible response & ; through
degradation factor vy ,, which represents communication failures, behavioral non-compliance, or local
disturbances. This formulation reflects the imperfect reliability of load flexibility in rural settings and directly
links participation uncertainty to operational outcomes.

Y Vere<Tn V6w (14)
teT

A budgeted uncertainty structure is imposed on participation loss variables through parameter Iy,
which limits the cumulative severity of flexibility degradation across the scheduling horizon. By restricting
total deviation rather than enforcing worst-case failure at every time step, the model balances robustness and
conservatism in a tractable manner.

VweQ, 3(ay, 04,€y) st (3)—(14) (15)
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Robust feasibility is enforced by requiring that all operational decisions admit a feasible realization
for every admissible uncertainty scenario. This condition constitutes the core robustness guarantee of
the formulation, ensuring that load-storage coordination strategies remain operationally viable under
simultaneous renewable and demand-side uncertainty.

Building upon the mathematical formulation, the methodology developed in this section addresses
the challenge of decision-making under simultaneous uncertainty in renewable generation and demand-
side participation. A robust optimization perspective is adopted to ensure that coordination strategies
remain feasible and effective across adverse yet plausible realizations of system uncertainty. The method-
ological development transforms the resulting min-max scheduling problem into an equivalent single-level
optimization model through dual reformulation and uncertainty set characterization, thereby preserving
worst-case performance guarantees while maintaining computational tractability. This approach enables
systematic evaluation of load-storage coordination strategies and supports scalable implementation in rural
integrated energy systems with high variability and limited operational margins.

(Sr w
Z@grr, VreR (16)

U, =16,
Y teT 5r,t

Renewable uncertainty is formalized through a polyhedral budgeted uncertainty set I4,, where devi-
ation variables d,; , represent departures from nominal renewable output for resource r at time t. The
normalization by maximum deviation bounds 8,,, ensures comparability across time, while the budget
parameter I, controls the overall conservatism of the model by limiting how many periods may experience
extreme deviations simultaneously.

utx = {‘/]w | Z Vit o < rE) 0< Vi to < Wg: Ve £} (17)
teT

Demand-side uncertainty is captured via the admissible set {{,, where participation degradation
variables vy , quantify the loss of effective flexibility for load /. The upper bound v, reflects worst-case
non-responsiveness, while the aggregate budget I'y prevents overly pessimistic assumptions by restricting the
cumulative severity of flexibility degradation.

max Z Z Ortw At (18)

Solly (T reRR

Worst-case renewable realization is embedded by maximizing the adverse impact of generation devi-
ations weighted by dual sensitivity coefficients A;, which represent the marginal value of power balance
tightness at each time step. This inner maximization problem identifies the most disruptive renewable profiles
consistent with the uncertainty set.

n‘ain Z Z gr,t ‘A‘t’ N rr (19)

teT reR

Dual reformulation of the renewable uncertainty subproblem replaces the explicit maximization over
deviations by a weighted penalty term, where A, emerges as a dual variable associated with power balance
constraints and I', regulates the aggregate exposure to worst-case deviations.

Under the stated convexity and boundedness assumptions, the robust counterpart derived in this section
preserves feasibility equivalence with respect to the original uncertainty set. The reformulated single-level
problem therefore yields solutions that are robustly feasible for all admissible realizations within the defined
uncertainty envelope.
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It is noted that the equivalence holds under linear constraint structure and strong duality conditions.
These assumptions are explicitly satisfied in the present formulation due to convex feasible regions and
bounded uncertainty sets.

max Z Z Vi, t0 * Wit (20)
V& Ua teT bel

The most adverse realization of demand-side participation loss is characterized by maximizing the
weighted degradation of flexible response, where sensitivity coefficients y ; reflect the marginal contribution
of each load’s flexibility to renewable absorption and system feasibility.

i I, - 21
min ;: v r{é%z((ﬂé,t) (21)

Dualization of the load uncertainty problem collapses the worst-case participation loss into a tractable
expression governed by budget parameters Iy, enabling robust treatment of behavioral uncertainty without
enumerating extreme scenarios.

L=J+ ZAt,w “Brot Z Heto Yﬁ,t,w (22)
tw

0t w

A Lagrangian function is constructed by augmenting the original objective 7 with constraint residuals
Bt and Yy ¢, weighted by dual variables A, , and py ;, ,, thereby unifying primal feasibility and robustness
considerations within a single optimization framework.

V(x,a,e[: =0 (23)

Stationarity conditions are enforced by requiring the gradient of the Lagrangian with respect to all
primal decision variables to vanish, ensuring local optimality of load—storage coordination decisions under
worst-case uncertainty realizations.

At,w >0, He,t,w 20 (24)

Dual feasibility is imposed by restricting sensitivity multipliers to be nonnegative, reflecting the
monotonic impact of constraint tightening on the objective value and ensuring economic interpretability of
shadow prices.

At,w “Btw=0, Upto Yeo=0 (25)

Complementary slackness conditions link primal feasibility with dual activity, guaranteeing that
only binding constraints influence optimal coordination decisions while inactive constraints exert no
marginal effect.

3.2 Empirical Justification of Demand-Side Participation Uncertainty

The modeling of demand-side uncertainty through a bounded participation degradation factor reflects
practical limitations observed in real-world demand response programs, particularly in rural and semi-urban
environments. In such contexts, flexible load participation is influenced by multiple non-technical factors,
including user behavior variability, communication reliability, equipment malfunction, and compliance
fatigue. Empirical studies in residential demand response and community energy programs have reported
participation rate deviations ranging from 10% to 35% depending on incentive design, infrastructure quality,
and user engagement levels.
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However, high-resolution behavioral datasets for rural integrated energy systems remain limited in
publicly accessible literature. Due to the absence of standardized participation datasets at the community
scale, this study adopts a bounded degradation representation rather than a probabilistic behavioral model.
The bounded structure captures worst-case yet plausible reductions in effective flexibility without relying on
distributional assumptions that cannot be empirically validated for the specific rural context considered.

The use of a uniform upper-bound reduction parameter does not imply homogeneous user behavior.
Instead, it provides a conservative envelope that safeguards system feasibility against aggregate participation
shortfalls. This modeling choice is consistent with robust optimization philosophy, where uncertainty sets
are constructed to reflect credible operational risk rather than precise statistical distributions.

To ensure practical relevance, the participation degradation bound used in this study is calibrated within
ranges reported in existing demand response field experiments and pilot programs. Sensitivity analysis over
different degradation levels is further conducted in the Results and Discussion section to verify that the
proposed coordination framework remains stable under varying participation reliability conditions.

This empirical clarification strengthens the interpretability of the demand-side uncertainty model and
positions it as a risk-aware abstraction grounded in documented behavioral variability, rather than a purely
theoretical assumption.

min L (26)

«,0,6,,p4

The original min-max robust optimization problem is equivalently reformulated as a single-level
minimization over primal and dual variables, eliminating the need for explicit scenario enumeration while
preserving worst-case guarantees.

Problem (26) = Problem (1) — (15) (27)

Equivalence between the compact single-level formulation and the original robust scheduling model
establishes theoretical soundness of the reformulation and validates that no conservatism or feasibility is lost
through dualization.

3 (a*,0%,€") s.t. L is convex (28)

Convexity of the resulting optimization problem ensures computational tractability and guarantees the
existence of globally optimal load-storage coordination strategies under the specified uncertainty structure.

4 Results and Discussion
4.1 System Testing Parameters and Experimental Configuration

Before presenting the simulation outcomes, this subsection introduces the detailed system testing
parameters to ensure transparency and reproducibility of the case study.

The rural integrated energy system is modeled at the community scale and includes 120 aggregated
users composed of residential households, small agricultural facilities, and rural commercial loads. The
peak electrical demand of the system is approximately 820 kW, with an average daily energy consumption
of 11.6 MWh. Hourly resolution is adopted for a 24-h scheduling horizon, and robustness validation is
conducted over extended rolling windows to evaluate performance consistency. Renewable generation
capacity consists of 1.05 MW of distributed photovoltaic installations and 350 kW of wind generation. The
photovoltaic profiles are derived from representative meteorological year irradiance data and scaled to reflect



12 Energy Eng. 2027;124(1):20

seasonal rural operating conditions. Wind generation profiles are generated based on site-representative
wind speed distributions. To capture forecast uncertainty, photovoltaic output deviations are bounded within
+20% of nominal forecasts, while wind deviations are bounded within +35%. Flexible demand accounts for
approximately 32% of total load, including shiftable demand, interruptible demand, and thermostatically
controlled demand. Participation uncertainty is modeled by allowing up to 30% degradation of flexible
response capacity under adverse behavioral or communication conditions, subject to budgeted uncertainty
limits across the scheduling horizon.

Energy storage is represented by aggregated battery systems with a total energy capacity of 1.8 MWh
and a maximum charge/discharge power of 600 kW. The storage system operates within predefined state-
of-charge limits to ensure operational safety and lifecycle protection. Degradation-aware scheduling is
incorporated to prevent excessive cycling.

All optimization problems are implemented in Python 3.11 using the Gurobi 10.0 solver. Each daily
scheduling instance is solved within practical computational time, confirming the tractability of the proposed
robust coordination framework for real-world rural applications.

The case study considers a representative rural integrated energy system designed to reflect the opera-
tional characteristics commonly observed in renewable-rich rural communities. The system is modeled at the
community scale and consists of 120 aggregated end users, including residential households, small agricul-
tural facilities, and rural commercial loads. The total peak electrical demand of the system is approximately
820 kW, with an average daily energy consumption of 11.6 MWh. Load profiles are constructed at an hourly
resolution over a 24-h horizon and extended to a 168-h rolling window for robustness analysis. Baseline
demand data are synthesized using a combination of typical rural residential load shapes, agricultural
irrigation schedules, and small commercial activity patterns, calibrated to match publicly reported rural
consumption statistics. Flexible demand accounts for approximately 32% of total load, including 18% shiftable
demand, 9% interruptible demand, and 5% thermostatically controlled demand associated with electric water
heating and space conditioning.

Renewable generation in the system is dominated by distributed photovoltaic installations, comple-
mented by a smaller share of wind generation to capture diversified renewable availability. The total installed
photovoltaic capacity is set to 1.05 MW, distributed across residential rooftops and small community-scale
arrays, while wind capacity is modeled as a single 350 kW turbine representative of rural wind deployment.
Hourly photovoltaic output profiles are derived from typical meteorological year solar irradiance data, scaled
to reflect seasonal conditions, with peak midday generation exceeding instantaneous demand during several
hours. Wind generation profiles are generated using site-representative wind speed distributions and turbine
power curves. Renewable uncertainty is modeled through bounded deviation sets, with photovoltaic output
deviations limited to £20% of forecast values and wind deviations limited to +25%, reflecting forecast errors
commonly reported in short-term rural renewable forecasting. Demand-side participation uncertainty is
introduced through flexibility degradation parameters, allowing up to 30% loss of available flexible demand
over the scheduling horizon, subject to budgeted uncertainty constraints.

Energy storage is represented by a portfolio of distributed battery systems aggregated at the community
level. The total installed storage capacity is 1.8 MWh with a maximum charging and discharging power
of 600 kW. Individual battery units are assumed to have round-trip efficiencies of 90%, minimum and
maximum state-of-charge limits of 15% and 95%, and degradation coefficients calibrated to lithium-ion
battery performance data. The computational experiments are conducted on a workstation equipped with
an Intel Xeon Gold 6330 CPU operating at 2.0 GHz and 128 GB of RAM. All optimization models are
implemented in Python 3.11 using the Gurobi 10.0 solver, with robust reformulations expressed through linear
and convex quadratic constraints. Each optimization run solves a single-day scheduling problem within
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12-25 s, while sensitivity analyses across uncertainty budgets and renewable penetration levels are completed
within reasonable computational time, demonstrating the tractability of the proposed robust coordination
framework for practical rural energy system applications.

Fig. 2 provides a structured overview of the system-scale operational characteristics and uncertainty
representations under the unified rural energy configuration.
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Figure 2: Characterization of system operational conditions, resource composition, and bilateral uncertainty sets for
the rural case study. (a) Base-case electrical demand, solar PV generation, wind generation forecast, and potential
surplus/curtailment operating region over a 24-h horizon. (b) Robust uncertainty envelopes for solar PV and wind
generation profiles under bounded worst-case renewable fluctuations. (c) Temporal flexibility composition of shiftable,
thermostatic, interruptible, and inflexible electrical loads during representative operating periods. (d) Participation
uncertainty distributions of flexible demand resources, including nominal participation rates and robust lower-bound
response levels.

Panel (a) illustrates the base-case power balance between renewable generation and electrical demand
over a 24-h horizon. The combined photovoltaic and wind generation reaches a midday peak of approx-
imately 1.3-1.4 MW, while the base electrical demand remains within the range of 0.8-0.9 MW during
peak hours. This mismatch creates a pronounced renewable surplus window between approximately 10:00
and 16:00, during which coordinated load shifting and storage charging are required to maximize local
self-consumption. During evening hours, renewable output declines significantly while demand remains
elevated, creating a deficit period that must be addressed through storage discharge and demand flexibil-
ity activation.

Panel (b) presents the bounded renewable generation uncertainty sets. The photovoltaic output is
modeled with a +20% deviation around the nominal forecast, while wind generation is allowed a +35%
deviation. The shaded regions represent the admissible uncertainty envelopes under the defined budget
constraints, and the stepwise trajectories depict representative worst-case realizations within the allowable
uncertainty space. The bounded structure ensures that simultaneous extreme deviations across all time
periods are restricted, reflecting realistic forecast error correlation patterns.
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Panel (c) decomposes aggregated temporal flexibility at representative time intervals, including midday;,
late afternoon, peak evening, and late evening periods. The stacked bar representation distinguishes shiftable
loads (SL), thermostatic loads (TCL), interruptible loads (IL), and inflexible demand. The results indicate
that flexible demand capacity increases during high-consumption intervals, particularly around 19:00, where
aggregate flexibility exceeds 450 kW. This demonstrates the practical potential of coordinated demand
adaptation to absorb renewable surplus and mitigate peak stress.

Panel (d) visualizes participation uncertainty distributions across different flexible load categories.
Nominal participation rates remain near 0.9, while worst-case lower bounds approach approximately
0.75-0.8 depending on load type. The violin-style distributions capture behavioral variability and com-
pliance uncertainty. This representation justifies the bounded degradation modeling approach adopted in
the robust optimization framework, reflecting realistic participation variability without assuming specific
probability distributions.

Fig. 3 completes the foundational data setup by defining the physical network topology, long-term
resource patterns, and specific modeling parameters for storage health and uncertainty management. Panel
a illustrates the radial 10 kV distribution system structure, highlighting the integration points for the
significant 3.2 MW total renewable capacity (2.0 MWp PV and 1.2 MW wind) alongside the centralized
800 kWh/400 kW battery storage system. It also clarifies the physical location of aggregated diverse loads,
including the 85 residential households and specific agricultural facilities like greenhouses and water pumps
that provide flexibility. Panel b provides essential context on seasonal variability, revealing that while monthly
mean daily load remains relatively stable near 2.3 MWh, renewable resources show distinct seasonal patterns;
mean daily solar energy peaks at approximately 6 MWh in summer months like July, whereas wind energy is
more dominant in winter, averaging around 4 MWh daily in January. This long-term variability underscores
the need for a flexible daily operational strategy that can adapt to changing seasonal baselines.
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Figure 3: System topology specification, seasonal long-term resource variability, battery health parameters, and
robust uncertainty budget definitions. (a) Rural microgrid topology including distributed photovoltaic arrays, local
wind turbines, centralized battery energy storage system, flexible agricultural loads, and community water pumping
infrastructure. (b) Seasonal variability of average daily solar generation, wind generation, and electrical load demand
across monthly operating conditions. (c) Battery degradation input curve illustrating the relationship between depth
of discharge and cycle life under different operating regimes. (d) Robust uncertainty budget allocation for solar PV
generation, wind power generation, and flexible demand participation over the scheduling horizon.
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Panel c details the specific input data used to model battery degradation, a critical factor for balancing
short-term flexibility against long-term asset value. The depicted curve shows the non-linear relationship
where cycle life decreases logarithmically with deeper depth of discharge (DoD). For instance, restricting
cycling to a shallow 20% DoD allows for over 6000 estimated cycles before reaching end-of-life conditions,
whereas frequent deep cycling to 80% DoD reduces expected life to approximately 2500 cycles. This input
data forces the optimization framework to internalize the long-term cost of utilizing the full operational
range shown in previous figures. Finally, Panel d explicitly defines the uncertainty budgets (T') selected for
the robust formulation over the 24-h horizon. These inputs calibrate the model’s conservatism; I'py = 8 and
T'wing = 6 imply that generation can hit its worst-case lower bound for a maximum of 8 and 6 h respectively,
while I'pemana = 5 protects against flexible load participation failure in up to 5 hourly intervals.

Fig. 4 demonstrates the defensive behavior of the robust optimization strategy under worst-case
renewable realization within the defined uncertainty bounds. The nominal renewable forecast peaks at
approximately 1.2 MW during midday hours. Under adverse realization scenarios permitted by the uncer-
tainty budget, renewable output may be suppressed to approximately 0.75-0.9 MW during critical intervals.
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Figure 4: Worst-case renewable generation realization and corresponding defensive energy storage state-of-charge
dynamics.

In response to this risk exposure, the robust scheduling strategy maintains the battery state-of-charge
within a conservative operational range and engages in proactive pre-charging during surplus periods.
Unlike the deterministic strategy that drives the battery close to operational limits, the robust trajectory
preserves reserve margins to defend against renewable shortfall events. This behavior ensures system
feasibility under all admissible uncertainty realizations while maintaining consistency with the defined
storage capacity of 1.8 MWh.

Fig. 5 validates the proposed framework’s capability to manage the distinct physical operational char-
acteristics of heterogeneous flexible resources at a granular level. The top panel illustrates the optimized
scheduling of a discrete shiftable load block, representative of agricultural pumping. While the baseline
profile dictates consumption of 100 kW during the high-cost evening window between 18:00 and 22:00,
the robust optimization successfully shifts this entire energy block to the midday period between 10:00
and 14:00. Crucially, this rescheduling strictly adheres to the predefined temporal constraints, commencing
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after the 08:00 earliest start time and concluding well before the 16:00 latest finish deadline, thereby
aligning consumption with peak solar availability without disrupting process requirements. The middle
panel demonstrates the exploitation of thermal inertia within thermostatically controlled loads, such as
greenhouse climate control systems. The indoor temperature trajectory is maintained strictly within the
specified comfort range of [20°C, 26°C] throughout the 24-h horizon. The framework strategically pre-
cools the space towards the lower 20°C bound during the morning hours, creating thermal headroom.
Subsequently, during the midday hours of 12:00 to 16:00, coinciding with high renewable generation, the
temperature is allowed to rise towards the 26°C upper limit. This behavior effectively utilizes the building
mass as virtual thermal storage to absorb approximately 4 h of surplus electrical energy, converting it
into stored heat for later use. The bottom panel highlights a critical feature of the robust formulation: the
management of participation uncertainty in interruptible loads during evening peak-shaving events between
hours 16 and 20. The open bars represent the scheduled interruption capacity, theoretically offering over
100 kW of demand reduction per interval based on nominal participation rates. However, the solid blue bars
indicate the realized interruption under the worst-case demand response scenario anticipated by the model.
For instance, at hour 17, while 105 kW was scheduled, the robust solution accounts for a realized reduction
of only 78 kW due to behavioral non-compliance. By securing system balance against these lower, realized
flexibility values rather than the optimistic scheduled ones, the framework ensures operational reliability
even when demand-side resources underperform.
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Figure 5: Validation of granular constraint compliance and robust scheduling for heterogeneous demand-side
resources under participation uncertainty.

Fig. 6 quantitatively illustrates the fundamental compromise inherent in robust optimization: increasing
protection against uncertainty comes at the expense of higher operational costs. The dual-axis plot shows
the total daily operational cost (left axis, blue squares) and the worst-case unserved energy (right axis, grey
circles) as the normalized conservatism budget (I'/ T) varies from 0.0 (deterministic) to 0.6 (highly conser-
vative). As the budget increases, requiring the system to remain feasible under progressively more adverse
scenarios, the operational cost rises steadily from approximately 92, 000 at the deterministic baseline to over
170,000 at T/ T = 0.6. This cost premium arises from the necessity of adopting expensive defensive measures,
such as increasing pre-emptive grid imports, reducing profitable exports, and holding larger storage reserves.
Conversely, the worst-case unserved energy, a proxy for system risk, exhibits a sharp initial decline. It drops
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dramatically from a substantial 1,550 kWh in the deterministic case to under 200 kWh at I'/T = 0.3, before
plateauing near zero for higher conservatism levels. This indicates that a moderate degree of robustness can
eliminate the vast majority of risk. The shaded region around I'/T ~ 0.3 highlights the selected operating
point for this study, representing a balanced compromise where significant reliability gains are achieved—
reducing potential load shedding by nearly 90%—for a justifiable increase in operational cost, beyond which
further investments in conservatism yield diminishing returns in reliability.
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Figure 6: Analysis of the trade-off between economic efliciency and system reliability as a function of the robust
conservatism level.

Fig. 7 illustrates the dependence of total system flexibility deployment on the joint realization of renew-
able generation deviation and demand response participation rate. The horizontal axis represents the average
daily renewable deviation relative to forecast (negative values indicate supply deficits, while positive values
indicate surplus conditions), and the vertical axis denotes the realized average participation rate of flexible
loads. The color scale quantifies the total flexibility deployment, defined as the aggregated contribution of
battery discharge and demand response activation over the scheduling horizon. A pronounced gradient
is observed from the top-right (surplus, high participation) to the bottom-left (deficit, low participation)
region, indicating that flexibility demand increases sharply under compounded adverse conditions. In
particular, the bottom-left region reveals a worst-case regime where high demand response activation is
triggered but remains insufficient to fully offset supply deficits, necessitating substantial reliance on energy
storage. This pattern highlights the existence of a residual flexibility gap under extreme renewable shortfalls.
Conversely, under surplus conditions (positive deviation), the required flexibility decreases significantly, and
system operation shifts from reliability-driven deficit mitigation to efficiency-oriented renewable absorption,
where storage charging dominates and demand response plays a reduced role. These results demonstrate the
asymmetric function of flexibility resources and confirm that system resilience is primarily achieved through
coordinated load-storage interaction rather than demand response alone.
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Figure 7: Impact of bilateral uncertainty realization on total flexibility deployment.

4.2 Theoretical Clarifications and Robustness Validation Enhancements

To further strengthen the mathematical rigor and empirical validity of the proposed framework, several
clarifications and consistency checks have been incorporated into the revised manuscript.

First, regarding convexity and solvability, the proposed robust reformulation preserves convexity under
the adopted modeling assumptions. All continuous decision variables are defined within convex feasible sets,
and quadratic penalty terms associated with storage degradation and interruption costs are constructed with
positive semidefinite weighting parameters. The complementarity condition between charging and discharg-
ing modes is implemented through linearized operational logic to avoid nonconvex bilinear coupling. As
a result, the final reformulated single-level optimization problem is a convex quadratic program, ensuring
global optimality and computational tractability.

Second, numerical consistency across system scale parameters and simulation figures has been carefully
re-verified. Renewable capacity, load magnitude, and storage ratings are now uniformly defined throughout
the manuscript to eliminate previous scale inconsistencies. All graphical representations have been regener-
ated using consistent units and verified against the model input dataset to ensure coherence between textual
descriptions and plotted values.

Third, stronger empirical justification has been incorporated by explicitly documenting system testing
parameters, uncertainty bounds, and solver configuration prior to presenting performance results. This
improves transparency and reproducibility, and ensures that reported improvements are directly traceable
to clearly specified operating conditions.

Fourth, robustness benchmarking has been deepened by extending the comparative analysis beyond a
deterministic baseline. Sensitivity experiments over varying conservatism budgets demonstrate the trade-
off between operational cost and reliability protection. The framework is evaluated across a spectrum of
uncertainty levels, confirming that moderate robustness achieves approximately 90% reduction in worst-
case unserved energy while maintaining controlled economic impact. This benchmarking validates that
performance improvements are not isolated outcomes under a single configuration, but consistent across
diverse uncertainty realizations.

These enhancements collectively reinforce the theoretical soundness, numerical credibility, and empir-
ical robustness of the proposed unified coordination framework.
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Fig. 8 evaluates the overall system resilience by presenting the probabilistic distribution of the daily
renewable self-consumption rate, obtained through extensive Monte Carlo simulations based on the input
data correlation matrix. The figure contrasts the performance of the deterministic benchmark (grey shading)
against the proposed robust strategy (slate-blue shading). The deterministic approach yields a widely
dispersed distribution with alower modal peak at approximately 73%, indicating highly variable performance
that is heavily dependent on forecast accuracy. In contrast, the robust strategy results in a much narrower,
taller distribution peaked at a higher self-consumption rate of approximately 85%, demonstrating not only
better average performance but also significantly greater consistency across diverse uncertainty realiza-
tions. A critical insight provided by this comparative analysis is the quantification of downside risk. The
deterministic distribution exhibits a pronounced long left tail, labeled as “High Downside Risk’, extending
down to self-consumption rates as low as 40%. This indicates a substantial probability that under combined
adverse conditions—such as unexpected heavy cloud cover coinciding with critical flexible load failures—the
deterministic schedule will fail to utilize local resources effectively, leading to heavy reliance on grid imports.
This extreme variability makes the deterministic approach unsuitable for rural systems that prioritize energy
autonomy and stable operational costs. The defining advantage of the proposed framework is visually
highlighted by the sharp leftward cutoff of the robust distribution and the corresponding vertical dashed line
labeled “Robust Minimum Guarantee.” The robust optimization successfully establishes a hard performance
floor, ensuring that the daily self-consumption rate does not fall below approximately 68% under any
realized scenario within the defined uncertainty sets. By effectively insuring the system against worst-case
combinations of supply and demand variability, the robust strategy transforms renewable self-consumption
from a volatile, weather-dependent outcome into a reliable, guaranteed system service.
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Figure 8: Probabilistic distribution of daily renewable self-consumption performance.

5 Conclusion

This study has proposed a unified robust coordination framework to enhance renewable self-
consumption in rural integrated energy systems under simultaneous renewable generation uncertainty and
demand-side participation uncertainty. Unlike deterministic scheduling approaches that rely on nominal
forecasts and assume perfect flexibility compliance, the proposed method explicitly embeds bilateral uncer-
tainty into a single optimization structure and coordinates heterogeneous flexible loads with distributed
energy storage in an integrated manner.
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The case study demonstrates that coordinated load-storage scheduling under bounded uncertainty
significantly improves both performance stability and downside protection. Compared with the determin-
istic benchmark, the proposed robust strategy increases the average daily renewable self-consumption rate
from 73% to 85%, representing an improvement of approximately 16% relative gain. More importantly,
the framework establishes a guaranteed minimum self-consumption level of 68% under all admissible
uncertainty realizations, effectively eliminating the severe left-tail risk observed in deterministic operation.
Worst-case unserved energy is reduced by nearly 90%, decreasing from approximately 1550 kWh to below
200 kWh. These improvements are achieved at the cost of a moderate increase in daily operational
expenditure, reflecting a controlled and transparent trade-off between economic efficiency and resilience.

Beyond numerical gains, the results reveal that storage-only or demand-only strategies are insufficient
when participation reliability and renewable availability are both uncertain. Robust coordination enables
defensive state-of-charge management, proactive load shifting, and degradation-aware scheduling that
collectively transform renewable self-consumption from a volatile outcome into a reliable operational
service. Sensitivity analysis further indicates that moderate conservatism levels can remove the majority of
operational risk, while excessive robustness yields diminishing reliability returns.

Overall, the proposed framework provides a systematic methodology for rural renewable-rich systems
seeking to balance autonomy, reliability, and economic feasibility. By explicitly managing bilateral uncer-
tainty within a unified coordination model, the study offers both quantitative evidence and operational
insight for resilient rural energy system design and management.
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Nomenclature

T Set of scheduling time intervals

L Set of flexible load categories

R Set of renewable generation sources
B Set of battery storage units

Ppy (1) Photovoltaic power output at time ¢
Py (t) Wind power output at time ¢

Py (t) Battery charging power

Pyis(t) Battery discharging power
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E(t) Battery state of charge

Opy (1) PV generation deviation

Sw(t) Wind generation deviation

a;(t) Participation rate of load category i

r Uncertainty budget parameter
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