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Abstract: This paper presents a probabilistic and risk-aware framework for microgrid dispatch under re-
newable generation. In this way, solar irradiance is modeled using a log-normal distribution, on other
hand, wind speed follows a Rayleigh distribution. We used a combined multi-regime wind turbine power
curve for the eolic part. A scenario-based Monte Carlo approach got multiple realizations of renewable
output per hour, enabling the explicit evaluation of intermittence or stochastic variability. In order to
quantify operational risk, we formulate Uncertainty Cost Functions that integrates: (i) the expected op-
erational cost, (ii) the Conditional Value-at-Risk (CVaR), and (iii) the variability of the battery State of
Charge (SOC). The proposed approach is validated in a microgrid with solar, wind, battery storage, and
flexible loads. Results demonstrate that the risk-aware dispatch significantly reduces tail-risk exposure,
mitigates SOC fluctuations, and enhances operational resilience when compared to a conventional risk-
neutral strategy.
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1 Introduction
The increasing penetration of renewable energy re-
sources in modern microgrids has introduced sig-
nificant operational challenges, primarily due to
the stochastic nature of photovoltaic (PV) and
wind generation. Unlike conventional dispatch-
able resources, renewable output is subject to
rapid and unpredictable fluctuations caused by en-
vironmental variability. Solar irradiance exhibits
strong diurnal patterns affected by cloud cover and
atmospheric conditions, while wind speed follows
nonlinear, site-dependent distributions. As a re-
sult, energy balancing, storage coordination, and
cost optimization become more complex when un-
certainty is not explicitly considered in the dis-
patch strategy, [1], [2].

Traditional deterministic microgrid controllers
rely on expected values or forecasted power pro-
files, which ignore the inherent uncertainty and
may lead to risk-prone decisions, [3] . These ap-
proaches can underestimate the frequency and im-
pact of adverse events such as sudden drops in
renewable output, simultaneous load peaks, or in-
sufficient stored energy. To mitigate such risks,
probabilistic and scenario-based frameworks have
emerged as effective tools for characterizing renew-
able variability, [1]. Log-normal models capture

the positive skewness of solar irradiance, while
Rayleigh distributions are widely used to describe
wind speed behavior. However, incorporating
probabilistic modeling alone is insufficient with-
out a mechanism capable of quantifying the oper-
ational risk associated with extreme scenarios, [4],
[5].

Coherent risk metrics provide a mathemati-
cally robust means of capturing tail events be-
yond the coverage of conventional expectation-
based metrics, [3]. Among them, the Condi-
tional Value-at-Risk (CVaR) is particularly rele-
vant for microgrid dispatch, as it measures the ex-
pected cost in the worst-case α-tail of the distribu-
tion. CVaR has been successfully adopted in opti-
mization problems requiring resilience against low-
probability, high-impact events, making it suitable
for decision-making under renewable uncertainty,
[2].

In parallel, Demand Response (DR) has be-
come a key flexibility mechanism in microgrids, al-
lowing users to strategically adapt their consump-
tion according to system conditions, [4], [5]. In
this context, users may choose between coopera-
tive actions, which reduce their demand to alle-
viate system stress, or competitive actions that
preserve consumption at the expense of higher op-
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erational cost. The selection of these strategies
strongly depends on renewable availability, stor-
age conditions, and perceived risk, [5].

In this work, we propose a comprehensive
scenario-based, risk-aware dispatch framework
that integrates probabilistic modeling of renew-
able generation, energy storage dynamics, and
user-driven DR strategies, [3]. The core of the
proposed method is an Uncertainty Cost Function
(UCF) that combines the expected operational
cost, the CVaR of scenario-based renewable uncer-
tainty, and the variability of the battery State of
Charge (SOC). At each hour, the microgrid eval-
uates multiple renewable scenarios and selects the
DR action that minimizes the UCF, resulting in a
robust strategy that accounts for both typical and
extreme operating conditions, [3].

In this way, the art state of integration of vari-
able renewable energy sources in modern micro-
grids introduces operational complexities due to
their non-deterministic behavior. This work out-
lines the modeling approach, risk quantification
methodology, and decision-making strategy em-
ployed to address these challenges, [6].

1.1 Probabilistic Characterization of
Renewable Generation

The power output from photovoltaic (PV) systems
and wind turbines is modeled using probability
distributions that capture their inherent variabil-
ity:
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exp
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where equation (1) represents the log-normal
distribution for solar irradiance and equation
(2) represents the Rayleigh distribution for wind
speed, [4].

1.2 Risk-Aware Optimization
Framework

The operational decision-making process incorpo-
rates a multi-objective function that balances ex-
pected cost with risk mitigation (3):

UCF = E[C] + λ1 · CVaRα+ λ2 · σSOC (3)

where:

• E[C]: Expected operational cost

• CVaRα: Conditional Value-at-Risk at confi-
dence level α

• σSOC: Standard deviation of State of Charge

• λ1, λ2: Risk aversion parameters

1.3 Performance Metrics and
Evaluation

The proposed framework is evaluated using the
following comparative metrics, [6], equations (4),
(5) and (6):

Risk Reduction =
CVaRdet − CVaRproposed

CVaRdet
(4)

SOC Stability = 1− σSOC
SOCmax − SOCmin (5)

Cost Robustness = Cworst-case − Cexpected
Cexpected

(6)

1.4 Methodological Contributions
The main contributions of this paper can be sum-
marized as follows:

• The development of an uncertainty-aware mi-
crogrid dispatch framework that integrates
stochastic renewable generation, battery dy-
namics, and strategic demand response deci-
sions.

• The formulation of a unified Uncertainty Cost
Function that combines expected operating
cost, Conditional Value-at-Risk, and battery
state-of-charge variability.

• A scenario-based evaluation approach using
probabilistic renewable models, aligned with
commonly accepted representations of solar
irradiance and wind speed.

• A game-theoretic interpretation of demand re-
sponse actions, allowing flexible users to adopt
cooperative or competitive strategies under
uncertainty.

• A numerical assessment demonstrating that
the proposed framework reduces tail-risk and
improves storage stability when compared to
a deterministic baseline.
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The remainder of this paper is structured as
follows. Section 2 presents the probabilistic mod-
eling of solar and wind resources. Section 3 de-
scribes the microgrid architecture and storage dy-
namics. Section 4 introduces the DR model and
user strategies. Section 5 formulates the risk-
aware optimization problem and UCF. Section 6
details the proposed algorithm. Section 7 presents
the numerical results, and Section 8 concludes the
paper.

2 Probabilistic Modeling of
Renewable Resources

Accurate representation of renewable energy vari-
ability is essential for risk-aware microgrid dis-
patch. In this work, we employ probabilistic distri-
butions that capture the stochastic characteristics
of solar irradiance and wind speed without relying
on deterministic forecasts, [5], [6]. These models
serve as the basis for the generation of multiple
Monte Carlo scenarios used in the risk evaluation
process, [1], [5].

2.1 Solar Irradiance Modeling
Solar irradiance exhibits strong diurnal patterns
combined with high short-term variability caused
by cloud cover and atmospheric conditions. To
capture this behavior, we model irradiance Gt us-
ing a log-normal probability distribution, which ef-
fectively represents the positive skewness observed
in empirical data. The probability density func-
tion (PDF) is given by equation (7), [4], [7], [8]:

fG(g) =
1

gσG
√
2π

exp

(
−(ln g − µG)

2

2σ2
G

)
, (7)

where µG and σG denote the log-mean and
log-standard deviation of the irradiance. These
parameters can be computed from the empirical
mean Ḡ and variance σ2

G using the standard rela-
tions (equation (8)) [9], [10]:

µG = ln

 Ḡ2√
Ḡ2 + σ2
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σ2
G

Ḡ2

)
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(8)
The solar PV generation at time t is modeled

as (equation (9)), [11]:

PPV (t) = ηPV APV Gt, (9)
where ηPV is the conversion efficiency and APV

is the effective panel area. In our implementation,

the irradiance is further modulated by a determin-
istic clear-sky envelope centered around midday,
ensuring that nighttime generation remains zero,
[5], [12].

As shown in Fig. 1, the resulting irradiance dis-
tribution presents a pronounced right-tail, which
is consistent with empirical measurements of solar
radiation under variable atmospheric conditions.

Fig. 1: Log-normal distribution used for mod-
eling solar irradiance. Source: created by the au-
thors.

2.2 Wind Speed Modeling
Wind speed is widely modeled using the Rayleigh
distribution, which is a special case of the Weibull
family and accurately captures wind behavior in
locations with moderate turbulence. The PDF of
the Rayleigh distribution is expressed as equation
(10), [1], [13], [14]:

fV (v) =
v

σ2
V

exp

(
− v2

2σ2
V

)
, (10)

where σV is the scale parameter characterizing
the wind regime. In this way, we have:

Theorem 1 (Convergence of Wind Power Sam-
pling). Under the Rayleigh model with scale pa-
rameter σV , the average wind power converges al-
most surely (equation 11):

lim
M→∞

1

M

M∑
m=1

P
(m)
W =

∫ ∞

0
Pw(v)fV (v)dv, (11)

where Pw(v) is defined in Eq. 12.

The Rayleigh distribution captures the typi-
cal unimodal and right-skewed behavior of wind
speed, as illustrated in Figure 2.
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Fig. 2: Rayleigh distribution used for modeling
wind speed. Source: created by the authors.

2.3 Wind Turbine Power Curve
The conversion from wind speed to electrical
power is nonlinear and governed by the turbine’s
power curve. We adopt a multi-segment model
defined as [4], [6]:

Pw(v) =


0, v < vci

Prated

(
v3−v3

ci

v3
r−v3

ci

)
, if vci ≤ v < vr,

Prated, vr ≤ v < vco,
0, v ≥ vco.


(12)

where vci, vr, and vco denote the cut-in, rated,
and cut-out speeds, respectively. This represen-
tation captures the cubic rise in power between
the cut-in and rated speeds, the plateau at rated
power, and the shutdown behavior under excessive
wind conditions, [8], [12].

The corresponding power conversion character-
istics are shown in Figure 3,where the Cut-in, Rated,
and Cut-out speeds are clearly reflected, [6], [13].

Fig. 3: Wind turbine power curve used in the
wind generation model. Source: created by the
authors.

The combination of equations (7) and (12) en-

ables the generation of multiple renewable scenar-
ios per hour. These scenarios are later used in the
computation of expected cost and CVaR, form-
ing the foundation of the risk-aware optimization
framework described in Section 5.

3 Microgrid Model and Storage
Dynamics

The microgrid considered in this work consists of
photovoltaic (PV) generation, wind power genera-
tion, a battery energy storage system (BESS), and
two flexible consumers capable of participating in
demand response (DR), [4]. The microgrid oper-
ates in islanded mode and must maintain energy
balance internally at each hourly time step. Re-
newable generation and user behavior are subject
to uncertainty, making storage and DR essential
components for achieving operational reliability,
we used the structure proposed in [14], [15], [16],
and it was included the uncertainty quantification
matter, [17].

3.1 System Architecture
The microgrid includes solar PV panels modeled
using the probabilistic irradiance distribution de-
scribed in Section 2, and a wind turbine charac-
terized by the Rayleigh wind speed distribution
and the power curve in (12) and (13). The total
renewable generation at time t is given by

PRES(t) = PPV (t) + PW (t). (13)

The load side of the microgrid is composed of
two flexible users whose nominal demand profiles
are denoted by L1(t) and L2(t). These users par-
ticipate in DR by selecting cooperative or compet-
itive actions, resulting in modified demand profiles
LDR
1 (t) and LDR

2 (t).
The total demand at time t after DR adjust-

ments is (14):

Ltot(t) = LDR
1 (t) + LDR

2 (t). (14)

In the proposed model, two flexible users are
introduced to capture the essential strategic in-
teractions within a shared microgrid. Each user
represents a group of adaptable loads that can
lower their consumption in response to changing
system conditions. While the model focuses on
only two users, this simplification is enough to
highlight how cooperation or competition can in-
fluence overall risk and the behavior of storage sys-
tems. Expanding the framework to include more
users is a straightforward extension of the current
approach and is reserved for future work.
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3.2 Battery Energy Storage System
The BESS plays a key role in mitigating renewable
variability and maintaining energy balance. We
denote the state of charge (SOC) of the battery at
time t as SOC(t), with physical bounds (15), [5]:

0 ≤ SOC(t) ≤ SOCmax. (15)
Charging and discharging are subject to effi-

ciency factors ηch and ηdis, respectively. The bat-
tery power Pbat(t) is defined as positive during
discharging and negative during charging.

3.3 SOC Update Equation
The SOC evolves according to the following equa-
tion (16):

SOC(t+1) =


SOC(t) + ηch Pch(t), Pbat(t) < 0,

SOC(t)− Pdis(t)

ηdis
, Pbat(t) > 0,

(16)
where Pch(t) = −Pbat(t) represents charging

power and Pdis(t) = Pbat(t) represents discharging
power.

Charging and discharging rates are limited by
(17):

0 ≤ Pch(t) ≤ Pmax
ch , 0 ≤ Pdis(t) ≤ Pmax

dis .
(17)

3.4 Energy Balance Constraint
At each hour, the microgrid must satisfy the bal-
ance between renewable generation, battery oper-
ation, and flexible demand (18):

PRES(t) + Pbat(t) = Ltot(t). (18)
Given the uncertainty in PRES(t), the battery

and DR actions play a critical role in ensuring that
the microgrid remains feasible and avoids energy
shortages or excessive curtailment.

3.5 Role of Storage in Risk Mitigation
Variability in the SOC is directly linked to the
ability of the microgrid to withstand periods of
low renewable availability. High volatility in the
SOC implies a higher probability of energy short-
falls, motivating the inclusion of an SOC vari-
ability term in the Uncertainty Cost Function in-
troduced in Section 5. By penalizing deviations
in SOC, the model promotes operational stability
and ensures a more robust response to renewable
fluctuations.

4 Demand Response Model and
Strategic User Behavior

Demand Response (DR) is a key flexibility mech-
anism that enables consumers to adjust their de-
mand in response to system conditions. In the
context of a microgrid with uncertain renewable
generation, DR plays an essential role in mitigat-
ing variability and ensuring operational reliability.
In this work, two flexible users participate in DR
by selecting between cooperative or competitive
actions at every time step. These actions modify
their baseline demand and influence the overall en-
ergy balance of the microgrid, [2].

4.1 Baseline Load Profiles
Let L1(t) and L2(t) denote the baseline hourly de-
mand of User 1 and User 2, respectively. These
profiles represent the consumption that would oc-
cur in the absence of DR. The total baseline de-
mand at time t is therefore (19):

Lbase(t) = L1(t) + L2(t). (19)

4.2 Cooperative and Competitive DR
Actions

Each user may choose to either cooperate with the
system or compete according to individual prefer-
ences and system conditions. These actions lead
to adjusted demand levels that reduce or maintain
consumption relative to the baseline. The DR-
adjusted demand for user i at time t is modeled
as (20):

LDR
i (t) =

{
(1− γc)Li(t), cooperative action,

(1− γk)Li(t), competitive action,
(20)

where γc and γk represent the cooperative and
competitive reduction factors, respectively. In
our implementation, the cooperative action corre-
sponds to a 30% reduction (γc = 0.30), while the
competitive action corresponds to a 10% reduc-
tion (γk = 0.10). These values capture the ability
of users to temporarily reduce non-essential con-
sumption in exchange for cost or resilience bene-
fits, [8].

Since both users act simultaneously, the total
DR-adjusted demand becomes (21):

Ltot(t) = LDR
1 (t) + LDR

2 (t). (21)
In this way, we have:

Lemma 1 (Impact of DR Actions on Aggre-
gate Demand). For two users with baseline de-
mands L1, L2, the total demand under strategy
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a ∈ {coop, comp} satisfies (equation 22):
La

tot = (1− γa)(L1 + L2), (22)
where γcoop = 0.3, γcomp = 0.1.

4.3 Strategic Interaction Between
Users

The decision to cooperate or compete can be in-
terpreted in the context of strategic user behav-
ior. Cooperative actions relieve stress on the mi-
crogrid by reducing renewable deficits and limiting
battery discharge, thereby contributing to system-
level resilience. Competitive actions preserve user
comfort and consumption preferences but offer less
support to the system.

While users may have inherent preferences for
either strategy, their ultimate decision depends on
the microgrid’s operating conditions, particularly
renewable availability and battery state. As de-
scribed in Section 5, each action leads to different
operational outcomes under the renewable scenar-
ios, and the risk-aware optimization framework de-
termines the preferred strategy by minimizing the
Uncertainty Cost Function (UCF).

4.4 Impact of Demand Response on
Microgrid Operation

The DR-adjusted demand directly influences the
energy balance constraint in (18). Cooperative ac-
tions mitigate the risk of renewable shortfalls by
lowering the effective load, while competitive ac-
tions increase the likelihood of discharging the bat-
tery or incurring operational costs. In addition,
DR affects the evolution of the State of Charge
(SOC) through the SOC update equation in (16).
These interactions highlight the role of DR as
a flexible, user-dependent mechanism for shaping
the microgrid’s response to uncertainty.

The integration of DR within a risk-aware
decision-making process enables the microgrid to
leverage user flexibility not only for cost reduc-
tion but also for enhancing robustness against ex-
treme renewable events. This connection is for-
malized in the next section, where we introduce
the scenario-based Uncertainty Cost Function and
the optimization framework used to select the op-
timal DR action at each time step, [5], [14].

5 Algorithm Description
This section presents the complete procedure
used to compute the optimal demand response
(DR) action at each hour under renewable uncer-
tainty. The algorithm integrates scenario genera-
tion, operational cost evaluation, risk quantifica-
tion through CVaR, SOC analysis, and minimiza-
tion of the Uncertainty Cost Function (UCF). The

process is executed independently for each hour of
the 24-hour scheduling horizon, enabling the mi-
crogrid to react dynamically to changing condi-
tions, [2], [7], [11].

5.1 Inputs and Outputs
The main inputs of the algorithm are:

• Baseline demand profiles L1(t) and L2(t) for
both flexible users.

• Probabilistic renewable generation models de-
scribed in Section 2.

• Battery parameters and SOC update model
in Section 3.

• DR adjustment factors γc and γk.

• Number of Monte Carlo scenarios M .

• Weighting coefficients λ1 and λ2 in the UCF.

• Time-varying electricity price c(t).

The outputs are:

• The optimal DR action a⋆(t) for each hour.

• The resulting SOC trajectory SOC(t).

• The hour-by-hour uncertainty-aware cost.

5.2 Hourly Optimization Procedure
At each hour t, the microgrid takes the following
steps:

1. Generate M independent renewable scenarios
using equations (7) and (12).

2. Evaluate the two possible DR actions (coop-
erative and competitive).

3. For each action:

(a) Adjust the load.
(b) Compute the operational cost for each

scenario.
(c) Compute the expected cost.
(d) Compute VaR and CVaR.
(e) Estimate the candidate next SOC and

compute σSOC(t).
(f) Compute the overall UCF.

4. Select the action with minimum UCF.

5. Update the SOC using the chosen action and
the SOC dynamics of (16).
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5.3 Pseudocode Representation
The complete risk-aware DR optimization proce-
dure is summarized in Algorithm 1 (Table 1.).

Table 1: Algorithm 1. Risk-Aware Demand Re-
sponse Optimization. Source: created by the au-
thors.

1: Input: L1(t), L2(t), SOC(0), γc, γk, M , λ1,
λ2, c(t)

2: for t = 1 to 24 do
3: Generate renewable scenarios

{Pm
RES(t)}Mm=1

4: for each action a ∈ {coop, comp} do
5: Compute La

tot(t) using equations (20)
and (21)

6: Evaluate costs {Cm,a
op (t)}Mm=1

7: Compute E[Ca
op(t)]

8: Compute VaRa
α(t) and CVaRa

α(t)
9: Estimate candidate SOCa

cand(t)
10: Compute σa

SOC(t)
11: Compute UCFa(t)
12: end for
13: Select a⋆(t) = argmina{UCFa(t)}
14: Update SOC(t+ 1) using (16)
15: end for
16: Output: {a⋆(t)}, {SOC(t)}

The proposed algorithm ensures that DR de-
cisions reflect not only typical operating condi-
tions but also extreme renewable shortfalls, [2].
By evaluating each action over multiple scenar-
ios and minimizing a multi-component risk mea-
sure, the microgrid achieves improved resilience,
reduced SOC volatility, and increased protection
against tail events.

In this way, we have:

Lemma 2 (Algorithm Complexity). The proposed
algorithm has complexity O(24 · M), where M is
the number of scenarios.

Theorem 2 (Monte Carlo Sampling Conver-
gence). Under the assumptions of independence
and correct distribution of scenarios, the estimator
of E[Cop] converges in probability to the true value
as M → ∞.

6 Numerical Results and
Discussion

This section presents the numerical evaluation of
the proposed risk-aware demand response (DR)
strategy using the probabilistic renewable mod-
els and the optimization framework described pre-
viously. A 24-hour horizon was simulated with

M = 100 Monte Carlo scenarios per hour, en-
abling a detailed characterization of uncertainty
and its impact on operational decision-making.

6.1 Renewable Uncertainty
Characterization

The solar and wind generation scenarios exhibit
markedly different statistical behaviors due to the
physical and temporal characteristics of each re-
source. Solar irradiance is strictly limited to day-
light hours and follows a smooth bell-shaped pro-
file, whereas wind speed remains highly stochastic
throughout the day.

Figure 4 summarizes the solar generation scenar-
ios through hourly boxplots. The distribution
presents a clear peak around midday, with re-
duced dispersion at sunrise and sunset. No pro-
duction occurs during night hours, which confirms
the physical consistency of the model as in [7].

Fig. 4: Solar generation scenarios summarized
by hourly boxplots (M = 100). Source: created by
the authors.

Wind generation, shown in Figure 5, displays
significantly higher variability. The interquartile
range remains wide across all hours, and extreme
outliers are frequent, reflecting the intermittent
and rapidly fluctuating nature of wind resources.
This high dispersion directly increases operational
uncertainty and magnifies the importance of risk-
aware optimization, [12].

6.2 Impact of UCF on Operational
Strategy

The proposed Uncertainty Cost Function (UCF)
incorporates expected cost, CVaR, and battery
SOC stability. Figure 6 shows the optimal DR ac-
tion selected at each hour. Cooperative behavior
dominates during hours of high renewable uncer-
tainty or low battery charge, whereas competitive
actions appear only when the system is sufficiently
stable.
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Fig. 5: Wind generation scenarios summarized
by hourly boxplots (M = 100). Source: created by
the authors.

Fig. 6: Optimal DR strategy selected by the
UCF (1 = Cooperate, 0 = Compete). Source: cre-
ated by the authors.

6.3 Effect on Battery State-of-Charge
(SOC)

Figure 7 compares the SOC trajectory with and
without UCF. The baseline case exhibits large
oscillations and several deep discharge events,
which pose risks to system reliability. In con-
trast, the UCF-based strategy maintains a signif-
icantly smoother SOC trajectory with fewer ex-
treme deviations. This reflects the contribution
of the σSOC penalty term in avoiding aggressive
charge/discharge cycles.

Fig. 7: Battery State-of-Charge (SOC) with
and without UCF. Source: created by the authors.

Beyond cost savings, the proposed approach
also helps stabilize battery performance by reduc-
ing fluctuations in the state of charge. By directly
penalizing SOC variability within the UCF, the
strategy discourages aggressive charge–discharge
cycles, leading to steadier operation and poten-
tially extending the battery’s lifetime.

6.4 Cost and Risk Reduction
Hourly operating costs are shown in Figure 8. The
UCF formulation systematically reduces high-cost
events by mitigating renewable deficits through
cooperative DR and more conservative SOC man-
agement, [1], [18].

Fig. 8: Hourly operating cost with and without
UCF. Source: created by the authors.

This trend becomes more evident when exam-
ining cumulative cost (Figure 9). Over the 24-hour
horizon, the UCF approach achieves a net cost re-
duction while also reducing the tail risk, as quan-
tified by CVaR.

Fig. 9: Cumulative operating cost without UCF
vs. with UCF. Source: created by the authors.

These results demonstrate that incorporating
CVaR into the decision process effectively reduces
exposure to extreme renewable scenarios. By bal-
ancing economic performance, risk, and battery
stability, the UCF strategy consistently outper-
forms the deterministic baseline and provides a
more robust operational policy for uncertain mi-
crogrid environments.
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7 Conclusions
This work introduced an uncertainty-aware dis-
patch framework for renewable-based microgrids,
integrating stochastic renewable generation, en-
ergy storage behavior, and demand response into
a single convex optimization problem through a
lightweight Uncertainty Cost Function (UCF).

The simulation results demonstrate that
explicitly accounting for risk can substantially
reduce extreme operating costs compared to a
deterministic baseline, especially during peak
demand, while also ensuring more stable battery
operation. The proposed framework achieves a
balance between modeling accuracy and com-
putational efficiency, making it well suited for
real-time microgrid management.

Looking ahead, future research will focus on
extending the approach to more advanced demand
response schemes and validating its performance
in real microgrid environments.

Appendix: Proofs of 2.1 and 5.1
Proof of Theorem 2.1. By the Strong Law of
Large Numbers, the sample average converges al-
most surely to the expected value. The result fol-
lows from the continuous mapping theorem.
Proof of Theorem 5.1. The convexity of UCF fol-
lows from the convexity of CVaR and the linear-
ity of expectation. The sum of convex functions is
convex.
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