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Abstract: The shift towards decentralised energy systems has given rise to Virtual Power Plants
(VPPs), essential for managing Distributed Energy Resources. This study proposed a distributed
management architecture for VPPs that resiliently provides aggregated power production
to the main grid, irrespective of uncertainties in non-dispatchable resources. Exploiting a
scenario optimisation formulation and a Lagrangian decomposition of the problem, we develop a
distributed stochastic optimisation framework for VPP management that scales with the number
of agents. The method’s performance is tested across various network sizes and real generation
and consumption data, showing that the constraint violation probability on the minimum service
level remains constant as the number of agents increases, while maintaining a fixed amount of
considered scenarios.
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1. INTRODUCTION

The transition towards decentralised energy systems has
led to the emergence of Virtual Power Plants (VPPs) as a
key solution for managing Distributed Energy Resources
(DERs), such as Photovoltaic (PV) plants, Battery En-
ergy Storage Systems (BESSs), Electric Vehicles (EVs)
and Flexible Loads (FL), as a single controllable power
production unit. Unlike traditional power plants, VPPs
do not rely on physical infrastructures to offer services to
the power grid but leverage advanced control algorithms
and communication networks to optimise energy dispatch
of distributed assets. Consequently, a VPP can participate
in the primary and ancillary energy market as a generation
plant, enabling aggregated DERS to provide generation
and ancillary services.

A common approach to optimising VPP operations in-
volves a centralised architecture. In a centralised VPP,
a central unit makes all decisions about the operating
conditions of each DER. Yang et al. (2020) present a cen-
tralised VPP capable of aggregating EVs to participate in
the short-term energy market. Diaz et al. (2018) propose a
centralised strategy to manage EV charging stations based
on a Model Predictive Control (MPC) strategy. Hannan
et al. (2019) describes a centralised schedule controller
for a VPP based on Particle Swarm Optimisation. The
drawback of centralised architectures is that the DERs
must communicate with the central operator, possibly
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exposing private information about their parameters and
operations. Moreover, as the number of DERs increases,
the communication requirements for effective coordination
can become quite complex.

Another critical aspect in the optimal management of
DERs is addressing the uncertainty in power production
and consumption and the Transmission System Operator
(TSO) service requests. The literature highlights two ma-
jor families of methods to handle uncertainty: two-stage
stochastic optimisation and Scenario optimisation. Liang
et al. (2019) propose a VPP considering correlated de-
mand response (CDR), formulating the problem as a risk-
constrained optimisation problem solved with a two-stage
stochastic program. Similarly, Vahedipour-Dahraie et al.
(2021) propose optimal energy and reserves scheduling
for VPPs based on a two-stage risk-constrained stochastic
program. Baringo et al. (2019) present a VPP architecture
with uncertainty in wind production, prices and TSO re-
quests. The VPP solves an adjustable robust optimisation
problem by exploiting the concept of uncertainty budget.
Finally, Naughton et al. (2021) present a two-level hier-
archical VPP architecture based on the scenario theory
form Campi and Garatti (2011); the model considers un-
certainty in PV production, power consumption and prices
and runs at two different time scales, to compensate for the
uncertainty.

In this work, we present an architecture for a VPP based
on the distributed stochastic optimisation framework pro-
posed in Del Duca et al. (2025), applied to a network of
interconnected microgrids. Our proposed VPP model ag-
gregates different microgrids, which are technically capable
of working as a small-scale power grid, as in Del Duca et al.
(2024), but may fail to participate in the primary mar-
ket. The VPP enable them to participate in the primary
market as a single cohesive generation unit. In our ap-
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et al. (2019) propose a VPP considering correlated de-
mand response (CDR), formulating the problem as a risk-
constrained optimisation problem solved with a two-stage
stochastic program. Similarly, Vahedipour-Dahraie et al.
(2021) propose optimal energy and reserves scheduling
for VPPs based on a two-stage risk-constrained stochastic
program. Baringo et al. (2019) present a VPP architecture
with uncertainty in wind production, prices and TSO re-
quests. The VPP solves an adjustable robust optimisation
problem by exploiting the concept of uncertainty budget.
Finally, Naughton et al. (2021) present a two-level hier-
archical VPP architecture based on the scenario theory
form Campi and Garatti (2011); the model considers un-
certainty in PV production, power consumption and prices
and runs at two different time scales, to compensate for the
uncertainty.

In this work, we present an architecture for a VPP based
on the distributed stochastic optimisation framework pro-
posed in Del Duca et al. (2025), applied to a network of
interconnected microgrids. Our proposed VPP model ag-
gregates different microgrids, which are technically capable
of working as a small-scale power grid, as in Del Duca et al.
(2024), but may fail to participate in the primary mar-
ket. The VPP enable them to participate in the primary
market as a single cohesive generation unit. In our ap-
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1. INTRODUCTION

The transition towards decentralised energy systems has
led to the emergence of Virtual Power Plants (VPPs) as a
key solution for managing Distributed Energy Resources
(DERs), such as Photovoltaic (PV) plants, Battery En-
ergy Storage Systems (BESSs), Electric Vehicles (EVs)
and Flexible Loads (FL), as a single controllable power
production unit. Unlike traditional power plants, VPPs
do not rely on physical infrastructures to offer services to
the power grid but leverage advanced control algorithms
and communication networks to optimise energy dispatch
of distributed assets. Consequently, a VPP can participate
in the primary and ancillary energy market as a generation
plant, enabling aggregated DERS to provide generation
and ancillary services.

A common approach to optimising VPP operations in-
volves a centralised architecture. In a centralised VPP,
a central unit makes all decisions about the operating
conditions of each DER. Yang et al. (2020) present a cen-
tralised VPP capable of aggregating EVs to participate in
the short-term energy market. Diaz et al. (2018) propose a
centralised strategy to manage EV charging stations based
on a Model Predictive Control (MPC) strategy. Hannan
et al. (2019) describes a centralised schedule controller
for a VPP based on Particle Swarm Optimisation. The
drawback of centralised architectures is that the DERs
must communicate with the central operator, possibly

⋆ This research has been supported by the Italian Ministry of Uni-
versity and Research (MIUR) under the PNRR program and by
Hitachi Energy Italy S.p.A co-financer of the grant.
This research has been supported by the Italian Ministry of Uni-
versity and Research under grant “Learning-based Model Predictive
Control by Exploration and Exploitation in Uncertain Environ-
ments” (PRIN PNRR 2022 fund, ID P2022EXP2W).

exposing private information about their parameters and
operations. Moreover, as the number of DERs increases,
the communication requirements for effective coordination
can become quite complex.

Another critical aspect in the optimal management of
DERs is addressing the uncertainty in power production
and consumption and the Transmission System Operator
(TSO) service requests. The literature highlights two ma-
jor families of methods to handle uncertainty: two-stage
stochastic optimisation and Scenario optimisation. Liang
et al. (2019) propose a VPP considering correlated de-
mand response (CDR), formulating the problem as a risk-
constrained optimisation problem solved with a two-stage
stochastic program. Similarly, Vahedipour-Dahraie et al.
(2021) propose optimal energy and reserves scheduling
for VPPs based on a two-stage risk-constrained stochastic
program. Baringo et al. (2019) present a VPP architecture
with uncertainty in wind production, prices and TSO re-
quests. The VPP solves an adjustable robust optimisation
problem by exploiting the concept of uncertainty budget.
Finally, Naughton et al. (2021) present a two-level hier-
archical VPP architecture based on the scenario theory
form Campi and Garatti (2011); the model considers un-
certainty in PV production, power consumption and prices
and runs at two different time scales, to compensate for the
uncertainty.

In this work, we present an architecture for a VPP based
on the distributed stochastic optimisation framework pro-
posed in Del Duca et al. (2025), applied to a network of
interconnected microgrids. Our proposed VPP model ag-
gregates different microgrids, which are technically capable
of working as a small-scale power grid, as in Del Duca et al.
(2024), but may fail to participate in the primary mar-
ket. The VPP enable them to participate in the primary
market as a single cohesive generation unit. In our ap-
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proach, the scenario theory is tailored to solve distributed
optimisation problems with uncertain global constraints.
The VPP optimises the microgrid operation through the
Augmented Lagrangian distributed algorithm from Fal-
sone and Prandini (2023), ensuring the local balance of
all microgrids and a minimum level of aggregated power
capacity to comply with requests from the TSO. This
architecture offers several advantages. Microgrids maintain
their independence as legal entities with decision-making
capabilities and do not have to disclose private informa-
tion about their assets, such as operational constraints
and costs. Instead, they only need to communicate the
dual variables of the optimisation problem, as explained
in section 4. The lack of a single central unit decreases
the communication burden of the VPP operation. The
VPP becomes naturally robust to microgrid disconnec-
tions, communication issues, and network reconfiguration.
We test the VPP with extensive simulations in section 5,
verifying the framework characteristics against networks
with different sizes, confirming that it is possible to decou-
ple the uncertainty handling from the network complexity,
supporting the claims previously made in Del Duca et al.
(2025).

In section 2, we define the VPP optimization problem;
in section 3 we provide probabilistic guarantees on con-
straints violation levels; in section 4 we present an algo-
rithm to solve the VPP problem in a distributed way; in
section 5 we show simulation results; in section 6 we make
some final remarks and future work.

2. VIRTUAL POWER PLANT PROBLEM
DEFINITION

2.1 Virtual Power Plant modelling

We consider a network of m microgrids, also called agents,
interconnected through a graph G = (V, E) with V =
{1..m} being the set of vertices (microgrids) and E =
{(i, j) : i ∈ Nj & j ∈ Ni} being the set of edges.
The graph’s edges (i, j) ∈ E serve two distinct functions.
Microgrids connected by an edge may exchange power
P(i,j) through a physical bus; the i− th microgrid can also
exchange information about its dual variables through a
communication link to its set of neighbours Ni.

2.2 Microgrid modeling

A microgrid is a decision-making entity (agent) that acts
on local private decision variables xi(t) representing the
power dispatch of the microgrid’s assets during the op-
timisation horizon t ∈ [0, T − 1]. Each microgrid is de-
fined as a discrete-time LTI system with sampling time
∆t = 1h; it is formed by a dispatchable generation unit, a
non-dispatchable solar generation unit, and a load that
consumes power. Some microgrids may have a Battery
Energy Storage System (BESS) to improve flexibility and
provide energy storage capabilities.

Dispatchable generation units: A dispatchable genera-
tion unit can generate a controllable amount of power
P i
gen ∈ [0, P i

gen], with P i
gen its maximum capacity.

The production cost cigen(t) increases quadratically with

P i
gen(t):

cigen =

T
t=1

cigen(t) =

T
t=1

(αi · (P i
gen(t))

2 + βi · P i
gen(t) + γi)

The generation units are also subject to maximum ramp-
rate constraints:

|P i
gen(t)− P i

gen(t− 1)| ≤ P i
ramp

Battery Energy Storage Systems: The State of Charge of
a BESS, si(t), represents the level of energy stored in it;
the BESS’s dynamics are described as an LTI model with
the power exchange with the microgrid P i

bess(t) as input,
that is: 



si(t+ 1) = si(t)− ∆t

Qi
· P i

bess(t)

si(0) = si(0)

where si0) is the known BESS’s initial State of Charge
(SoC). P i

bess(t) is assumed to be positive when the bat-
tery is discharged and negative when charged. In addi-
tion, P i

bess(t) must lay inside safe operational constraints

P i
bess(t) ∈ [P i

bess, P
i
bess].

The SoC cannot exceed operational limits si(t) ∈ [s; s],
while the initial and final SoC must be equal to ensure
enough capacity for the next day: si(0) = si(T − 1).
Each BESS is associated with a cost to prevent excessive
degradation due to fast charge and discharge operations:

cibess =

T−1
t=0

(δi · (P i
bess(t)− P i

bess(t− 1))2)

Power exchange with neighbours microgrids: The i-th
microgrid can exchange power with all its neighbours
j ∈ Ni through the bus (i, j) ∈ E . The power P(i,j)(t) must

lay inside operational constraints: P(i,j)(t) ∈ [P (i,t), P (i,t)];
the cost of these exchanges depend on the power losses,
and therefore it scales quadratically with P(i,j)(t) thought
a constant factor R(i,j):

c(i,j) =
T

t=0

(R(i,j) · P 2
(i,j)(t))

With this penalisation term, we can encode a linearised
power flow approximation into the optimisation, as de-
scribed in Naughton et al. (2021).

Non-dispatchable production and consumption: Each mi-
crogrid has local solar production P̂ i

pv(t) and local con-

sumption P̂ i
l (t), for which forecasts are available.

In brief, the microgrid has to satisfy a local power balance
of the form:

P i
gen(t) + P i

bess(t) + P̂ i
pv(t)− P̂ i

l (t) +

j∈Ni

P i
j (t) ≥ 0 (1)

In eq. (1), the sign is positive if the power is produced
by the dispatchable and PV generators, made available by
discharging the BESS or imported from neighbours; the
sign is negative if the power is consumed by the load, used
to charge the BESS, or exported to other neighbours. This
constraint must be equal to zero if the TSO does not make
an aggregated request. Instead, it is greater than zero for
some microgrids when the TSO asks for a ramp-up since
the non-zero contributions will aggregate to the total VPP
power export.

Based on the previous description of the assets, the deci-
sion variables of each microgrid are

xi(t) = [P i
gen(t), P

i
bess(t), s

i(t), {P i
j (t)}j∈Ni

] ∀t,
Note that all the operational constraints of the microgrid
can be rewritten compactly as a convex set: xi ∈ Xi. Each
microgrid should optimise operation costs:

fi(xi) = cigen + cibess + 0.5 ·
∑
j∈Ni

c(i,j)

while remaining within operational ranges independently
of other microgrids. Therefore, if the microgrids were not
interconnected, each agent would have determined the
optimal power schedule for their assets x∗

i as follows:

Pi : minxi
fi(xi) s.t. xi ∈ Xi

2.3 Coupling constraints

The following constraints encode the coupling between
microgrids.

Power-flow coupling constraints: Each microgrid is an
independent entity with its own set of decision variables
P i
j (t) ∀j ∈ Ni representing the power exchange with

neighbour microgrids. To ensure power balance across the
network, for each edge (i, j) ∈ E , the following equality
constraint must hold:

P(i,j) = P i
j (t) = −P j

i (t) ∀(i, j) ∈ E ∀t (2)

with the positive sign indicating that the power is flowing
from j to i. This constraint enforces that if j imports power
P j
i (t) from i, i exports the same amount of power P i

j (t) to
j at every time-step t. With some algebraic manipulation,
we can express these constraints as a linear combination
of all the microgrids’ variables xi(t):

m∑
i=1

Âi · xi(t) = 0

The |E|×|Ni| matrix Ai assigns the decision variable P i
j (t)

to the correct constraint (i, j) ∈ E . Therefore, each row
of the constraint represents the balance for a single link,
and only the variables of the i − th and j − th microgrid
are involved. This constraint is then extended over the
optimisation horizon as

m∑
i=1

((Âi ⊗ IT ) · [xT
i (0)..x

T
i (T )]

T =

m∑
i=1

Ai · xi = 0

where IT is the identity matrix with dimension T × T , ⊗
is the Kronecker product and (Âi ⊗ IT ) = Ai.

Uncertain constraint on aggregated power generation:
The Virtual Power Plant must always provide enough
power as a generation unit; however, due to the uncertain
nature of the aggregated PV production P̂pv(t), and load

consumption P̂l(t):

P̂pv(t) =

m∑
i=1

P i
pv(t), P̂l(t) =

m∑
i=1

P i
l (t)

The amount of power effectively produced is uncertain. It
depends on the realization of the random variable δ(t) =

P̂pv(t) − P̂l(t) ∈ ∆, where ∆ is the (unknown) set of all
possible realizations of the aggregated net-demand. The
amount of power the VPP can deliver to the TSO is:

Pn(t, δ) =

m∑
i=1

(P i
gen(t) + P i

bess(t)) + δ(t).

The latter constraint arises from the power balance across
the network, notably, according to Eq. (2), the total power
exchanges among the agents sum to zero, implying that
we do not need to account for internal exchanges when
calculating the power the VPP delivers to the primary
Grid.

The Transmission System Operator dictates this net pro-
duction as an exogenous signal P ref

n (t) that the VPP must
comply with Pn(t, δ) ≥ P ref

n (t)∀t.
In practice, it is not convenient to robustify the solution
against the entirety of the uncertain set ∆ because it
will result in excessive conservativeness. To alleviate this
problem, we impose the following chance-constraint:

Pδ{δ ∈ ∆ : Pn(t, δ)− P ref
n (t) ≥ 0} ≥ 1− ϵ (3)

Eq. (3) imposes that the probability of satisfying the TSO
request, that is, providing an aggregated power Pn(t.δ)
greater than P ref

n (t) must be greater than 1 − ϵ, where
ϵ ∈ (0, 1) is called the risk parameter. Similarly to eq. (2)
we can rewrite this constraint for t ∈ [0, T − 1] compactly:

P{δ ∈ ∆ :
m∑
i=1

Hi · xi +Hδδ ≥ 0} ≥ 1− ϵ (4)

for proper matrices Hi and Hδ.

2.4 Centralized optimization problem

In this work, the Virtual Power Plant optimisation is
performed over a full day (day-ahead) T = 24h with
sampling time ∆t = 1h. However, the proposed approach
remains valid for different horizons and sampling periods.

The VPP executes the optimisation each instant in a
receding-horizon fashion. At each time step, the centralised
problem solved is:

P : min{xi}m
i=1

m∑
i=1

fi(xi) s.t.

xi ∈ Xi ∀i = 1..m
m∑
i=1

Ai · xi = 0

P{δ ∈ ∆ :
m∑
i=1

Hi · xi +Hδ · δ ≥ 0} ≥ 1− ϵ

(5)

3. UNCERTAINTY HANDLING AND
PROBABILISTIC GUARANTEES

The stochastic optimisation problem in Eq. (5) is not easy
to solve, not even in a centralised way, due to the chance-
constraint Eq. (3). To handle such constraints, in this work
we rely on the framework presented in Del Duca et al.
(2025) and approximate the uncertain chance-constraint
with a finite set of sampled constraints, where the uncer-
tainty δ is sampled from historical data, and each sample
δk is called a scenario. The stochastic constraint (4) is
transformed into a set of N linear constraints as

m∑
i=1

Hi · xi +Hδ · δk ≥ 0 ∀k = 1, . . . , N (6)

or equivalently
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xi(t) = [P i
gen(t), P

i
bess(t), s

i(t), {P i
j (t)}j∈Ni

] ∀t,
Note that all the operational constraints of the microgrid
can be rewritten compactly as a convex set: xi ∈ Xi. Each
microgrid should optimise operation costs:

fi(xi) = cigen + cibess + 0.5 ·
∑
j∈Ni

c(i,j)

while remaining within operational ranges independently
of other microgrids. Therefore, if the microgrids were not
interconnected, each agent would have determined the
optimal power schedule for their assets x∗

i as follows:

Pi : minxi
fi(xi) s.t. xi ∈ Xi

2.3 Coupling constraints

The following constraints encode the coupling between
microgrids.

Power-flow coupling constraints: Each microgrid is an
independent entity with its own set of decision variables
P i
j (t) ∀j ∈ Ni representing the power exchange with

neighbour microgrids. To ensure power balance across the
network, for each edge (i, j) ∈ E , the following equality
constraint must hold:

P(i,j) = P i
j (t) = −P j

i (t) ∀(i, j) ∈ E ∀t (2)

with the positive sign indicating that the power is flowing
from j to i. This constraint enforces that if j imports power
P j
i (t) from i, i exports the same amount of power P i

j (t) to
j at every time-step t. With some algebraic manipulation,
we can express these constraints as a linear combination
of all the microgrids’ variables xi(t):

m∑
i=1

Âi · xi(t) = 0

The |E|×|Ni| matrix Ai assigns the decision variable P i
j (t)

to the correct constraint (i, j) ∈ E . Therefore, each row
of the constraint represents the balance for a single link,
and only the variables of the i − th and j − th microgrid
are involved. This constraint is then extended over the
optimisation horizon as

m∑
i=1

((Âi ⊗ IT ) · [xT
i (0)..x

T
i (T )]

T =

m∑
i=1

Ai · xi = 0

where IT is the identity matrix with dimension T × T , ⊗
is the Kronecker product and (Âi ⊗ IT ) = Ai.

Uncertain constraint on aggregated power generation:
The Virtual Power Plant must always provide enough
power as a generation unit; however, due to the uncertain
nature of the aggregated PV production P̂pv(t), and load

consumption P̂l(t):

P̂pv(t) =

m∑
i=1

P i
pv(t), P̂l(t) =

m∑
i=1

P i
l (t)

The amount of power effectively produced is uncertain. It
depends on the realization of the random variable δ(t) =

P̂pv(t) − P̂l(t) ∈ ∆, where ∆ is the (unknown) set of all
possible realizations of the aggregated net-demand. The
amount of power the VPP can deliver to the TSO is:

Pn(t, δ) =

m∑
i=1

(P i
gen(t) + P i

bess(t)) + δ(t).

The latter constraint arises from the power balance across
the network, notably, according to Eq. (2), the total power
exchanges among the agents sum to zero, implying that
we do not need to account for internal exchanges when
calculating the power the VPP delivers to the primary
Grid.

The Transmission System Operator dictates this net pro-
duction as an exogenous signal P ref

n (t) that the VPP must
comply with Pn(t, δ) ≥ P ref

n (t)∀t.
In practice, it is not convenient to robustify the solution
against the entirety of the uncertain set ∆ because it
will result in excessive conservativeness. To alleviate this
problem, we impose the following chance-constraint:

Pδ{δ ∈ ∆ : Pn(t, δ)− P ref
n (t) ≥ 0} ≥ 1− ϵ (3)

Eq. (3) imposes that the probability of satisfying the TSO
request, that is, providing an aggregated power Pn(t.δ)
greater than P ref

n (t) must be greater than 1 − ϵ, where
ϵ ∈ (0, 1) is called the risk parameter. Similarly to eq. (2)
we can rewrite this constraint for t ∈ [0, T − 1] compactly:

P{δ ∈ ∆ :
m∑
i=1

Hi · xi +Hδδ ≥ 0} ≥ 1− ϵ (4)

for proper matrices Hi and Hδ.

2.4 Centralized optimization problem

In this work, the Virtual Power Plant optimisation is
performed over a full day (day-ahead) T = 24h with
sampling time ∆t = 1h. However, the proposed approach
remains valid for different horizons and sampling periods.

The VPP executes the optimisation each instant in a
receding-horizon fashion. At each time step, the centralised
problem solved is:

P : min{xi}m
i=1

m∑
i=1

fi(xi) s.t.

xi ∈ Xi ∀i = 1..m
m∑
i=1

Ai · xi = 0

P{δ ∈ ∆ :
m∑
i=1

Hi · xi +Hδ · δ ≥ 0} ≥ 1− ϵ

(5)

3. UNCERTAINTY HANDLING AND
PROBABILISTIC GUARANTEES

The stochastic optimisation problem in Eq. (5) is not easy
to solve, not even in a centralised way, due to the chance-
constraint Eq. (3). To handle such constraints, in this work
we rely on the framework presented in Del Duca et al.
(2025) and approximate the uncertain chance-constraint
with a finite set of sampled constraints, where the uncer-
tainty δ is sampled from historical data, and each sample
δk is called a scenario. The stochastic constraint (4) is
transformed into a set of N linear constraints as

m∑
i=1

Hi · xi +Hδ · δk ≥ 0 ∀k = 1, . . . , N (6)

or equivalently
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N⋂
k=1

(Fk) with Fk := {x :

m∑
i=1

Hi · xi +Hδ · δk ≥ 0} (7)

By choosing the number of scenarios N high enough,
the solution of the approximated optimisation program
{x∗

i }mi=1 has a-priori probabilistic guarantees under unseen
scenarios δN+1. Given the structure of constraint (4),
based on Del Duca et al. (2025), the following theorem
holds:

Theorem 1. Given a risk parameter ϵ ∈ (0, 1) and a confi-
dence parameter β ∈ (0, 1), the solution x∗ = [xT

1 , . . . x
T
m]T

to the scenario optimization problem (5), replacing con-
straint (4) by (6), is so that:

P[δ ∈ ∆ :
m∑
i=1

Hi · x∗
i +Hδ · δ < 0] ≤ ϵ (8)

with high confidence 1− β, if N is such that the relation

ϵ = 1−
N−ρ

√
β(
N
ρ

) (9)

is satisfied, and ρ = T is the Helly’s dimension of the
problem.

Given a dataset of scenarios SN = {δ1..δN} ∈ ∆N

independently chosen from the uncertain set ∆, Theorem
1 states that the probability of violation remains inside
the prescribed risk level ϵ with high confidence 1− β. The
number of scenarios N needed to guarantee a prescribed
violation level ϵ depends on Helly’s dimension ρ of the
problem, which in a VPP setting scales with the network
size m; this scaling could make the scenario approximation
hard to compute for large networks. However, we exploit
the structure of the chance-constraint in Eq. (6), using the
Lemma 2 in Del Duca et al. (2025), to compute N using
a much lower bound on ρ which is equal to the dimension
r of the row-span of the constraint matrix Hi, equals the
optimisation horizon ρ ≤ r = T . This new bound separates
the uncertainty handling from the network complexity.

4. DISTRIBUTED OPTIMIZATION

The scenario program resulting in substituting the chance-
constraint in (5) with (6) becomes a quadratic program
solvable with standard techniques in a centralised fashion.
Nonetheless, solving the problem in such a way has the
disadvantages stated in 1.

However, problem (5) can be decomposed into m smaller
sub-problems, one for each microgrid. We can use a dis-
tributed scheme as in Falsone and Prandini (2023) to solve
the now deterministic optimisation program. The algo-
rithm is tailored to track equality and inequality coupling
constraints of the same structure of the power-flow balance
(2) and the scenario chance-constraint (6). The procedure
is summarised in Algorithm 4.
The algorithm has an initialisation part:

• Local scenario extraction (2): Each microgrid extracts
Ni ≥ ⌈N

m⌉ scenarios of PV generation and load for the
complete horizon T from recorded data.

• Scenario broadcast (3): Each microgrid broadcasts its

local scenarios to assemble the data-set D̃.
• Initialization (4-6): Each microgrid initializes its dual
variables λi, µi, the initial primal solution xi ∈ Xi

and the constraint residuals gi(xi), σi, di.

Algorithm 1 Augmented Lagrangian Tracking (ALT)

1: Initialization:
2: D̃i := {δ1..δ⌈N

m ⌉+1}∀i = 1..m ▷ Generate scenarios

3: D̃ =
⋂m

i=1 D̃i ▷ Broadcast scenarios
4: x0

i ∈ Rni , σ0
i ∈ Rq

+ ▷ Initialize variables
5: λ0

i ∈ Rp, d0i = −(Aix
0
i − bi)

6: µ0
i ∈ Rq, g0i = −(hi(x

0
i ) + σ0

i )
7: while not converged do
8: Consensus step
9: ℓτi =

∑
j∈Ni

wijλ
τ
j , mτ

i =
∑

j∈Ni
wijµ

τ
j

10: δτi =
∑

j∈Ni
wijd

τ
j , γτ

i =
∑

j∈Ni
wijg

τ
j

11: Primal update

xτ+1
i ∈ arg min

xi∈Xi

{
fi(xi) + (ℓτi )

⊤Aixi+

c

2
∥Aixi −Aix

τ
i − δτi ∥2+

1

2c
∥max{mτ

i + c(hi(xi)− hi(x
τ
i )− στ

i − γτ
i ), 0}∥2

}

12: Dual update
13: στ+1

i = γτ
i − hi(x

τ+1
i ) + hi(x

τ
i ) + στ

i − 1
cm

τ
i

14: στ+1
i = max

{
στ+1
i , 0

}
15: dτ+1

i = δτi −Aix
τ+1
i +Aix

τ
i

16: gτ+1
i = γτ

i − (hi(x
τ+1
i ) + στ+1

i ) + (hi(x
τ
i ) + στ

i )

17: λτ+1
i = ℓτi − cdτ+1

i , µτ+1
i = mτ

i − cgτ+1
i

18: τ ← τ + 1s
19: end while

Then, the algorithm finds a solution for the primary
variables by iteratively performing primal and dual steps.
At each iteration, τ = 1, . . . , τmax, in parallel:

• Consensus step (8-10): Each microgrid communicates
its estimated dual variables λi, µi and tracking resid-
uals gi(xi), σi, di to its neighbours. Then, each micro-
grid computes the local average of such variables by
weighting each neighbour variable according to the
weights aji , which reflect the network’s topology.

• Primal solution step (11): Each microgrid computes
the candidate primal solution, solving the local opti-
misation problem, augmented with the proximal costs
necessary to handle the coupling constraints.

• Sub-gradient ascent step (12-16): Each microgrid
computes the new estimate for the tracking residuals
based on the latest candidate primal solution. It uses
the new estimate to perform a gradient step on the
estimate of the local dual variables li,mi.

The following assumptions on the graph topology are
necessary to guarantee that the distributed scheme can
reach a consensus, see Falsone and Prandini (2023).

Hypothesis 2. (connectivity). Graph (V, E∞) is strongly
connected, i.e., for any pair of nodes, there exists a path of
directed edges that connects them. Moreover, there exists
a time-period δt > 1 such that for every (i, j) ∈ E∞ agent
i receives information from a neighbour j ∈ Ni at least
once every δt iterations.

Hypothesis 3. (Information mixing). It exists η ∈ (0, 1)
such that for all i, j ∈ {1, . . . ,m} and all t ≥ 0,

a
(t)
ij ∈ [0, 1), a

(t)
ii ≥ η, ∧ a

(t)
ij > 0 =⇒ a

(t)
ij ≥ η.

Moreover, for all t ≥ 0,

(1)
m

j=1 a
(t)
ij = 1 for all i = 1, . . . ,m,

(2)
m

i=1 a
(t)
ij = 1 for all j = 1, . . . ,m.

The first assumption states that information can reach
every node in the network; the second ensures that the
information is mixed at a non-diminishing rate, meaning
that all the agents equally influence their neighbours.
These assumptions ensure the algorithm converges to the
centralised solution, so the reasoning in section 3 is valid.
The algorithm converges even under time-varying commu-
nication networks, making the VPP robust to microgrid
temporary disconnections.

We also stress the importance of relying on a bound on
Helly’s dimension, independent of the number of agents in
Eq. (9). If this were not the case, each agent would have to
communicate a vector of dual variables λ, whose dimension
would grow with the number of agents m, limiting its
applicability on large-scale systems.

5. SIMULATION RESULTS

To verify the proposed VPP architecture, we test it on four
different networks with increasing size: (m = 8, |E| = 16),
(m = 20, |E| = 70), (m = 50, |E| = 125), (m = 100, |E| =
150) and a desired maximum violation parameter ϵ = 10%,
that implies N = 362 scenarios in eq. (9). We repeated
each network’s daily simulation 100 times, choosing dif-
ferent scenario databases SN and unseen scenarios to test
the violation probability. The data is available in the open-
source database in Vink et al. (2019).

After computing the optimal distributed solution x∗
N

by solving the N-scenario program in eq. (5) with the
distributed algorithm 4, we test the optimal scheduling
against unseen scenarios; for our analysis, we chose to test
each solution against Mc = 1000 unseen scenarios.

5.1 Aggregated power production probabilistic guarantees

In the simulations, the TSO does not request power from
the VPP in the interval t ∈ (0, 4), i.e. it is sufficient that
the VPP does not import power from the main grid. Then,
starting from t = 4h, the reference power production
P ref
n (t) increases to a value of P ref

n (t) = 400KW , and the
VPP must adjust the aggregated production accordingly.
The request is the dashed red line in Fig. 1.

Figure 1 shows a single instance of the aggregated power
production Pn(t, δ), the mean value (blue line) with the
1− ϵ level (light blue area). The 1− ϵ level represents the
area containing the 1−ϵ mass of the scenarios, i.e. the area
containing the scenarios that do not violate the constraint
under the a-priori guaranteed level of risk. Instead, some
examples of solutions violating constraints are depicted
as red dotted lines. It can be noticed that the VPP can
correctly schedule the aggregated power production while
minimising the costs of the entire network of agents and
ensuring the satisfaction of local operational constraints.

To verify that the a-priori violation levels are satisfied for
all the networks, we define the violation probability as:

VN (x∗) = P[δ ∈ ∆ :

m
i=1

Hi · x∗
i +Hδ · δ < 0] (10)

Fig. 1. Aggregated power production Pn(t, δ): mean value
(blue line), 1-ϵ level (light blue area), violating un-
seen scenarios (dotted red line). Minimum aggregated
power required P ref

n (t) (dashed black line)

Fig. 2. Violation probability VN (x∗, δ), in red N = 362, in
blue N = 100, yellow and purple line: average value
of the violation

The violation probability VN (x∗) can be approximated by
sampling the violation levels for each daily simulation.

The resulting sampled violation V̂N (x∗) is:

V̂N (x∗) =
1

Mc

Mc
j=1

[1VN
(x∗, δj)] (11)

where 1Vn(x) is the indicator function, indicating if the
scenario δi violates the constraint.

1Vn (x
∗, δj) :=




1 if (

m
i=1

Hi · x∗
i +Hδ · δj < 0) ,

0 if (

m
i=1

Hi · x∗
i +Hδ · δj ≥ 0) .

Figure 2 shows the results for solutions using N = 362
(red boxes) and N = 100 (blue boxes) scenarios. Each
box represents the sampled probability distribution of the
violation VN (x∗), eq. (3), displaying the maximum and
minimum value, the mean, median and the σ confidence
level. Note that, when using N = 362 scenarios, computed
from eq. (9), we always remain below the prescribed
violation level of ϵ = 10% (red dashed line). Our analysis
demonstrates that the violation level remains constant
when the network size increases, even if the number of
scenarios is fixed, as predicted in Del Duca et al. (2025).
This observation suggests that our framework effectively
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that all the agents equally influence their neighbours.
These assumptions ensure the algorithm converges to the
centralised solution, so the reasoning in section 3 is valid.
The algorithm converges even under time-varying commu-
nication networks, making the VPP robust to microgrid
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Helly’s dimension, independent of the number of agents in
Eq. (9). If this were not the case, each agent would have to
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the violation probability. The data is available in the open-
source database in Vink et al. (2019).

After computing the optimal distributed solution x∗
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by solving the N-scenario program in eq. (5) with the
distributed algorithm 4, we test the optimal scheduling
against unseen scenarios; for our analysis, we chose to test
each solution against Mc = 1000 unseen scenarios.

5.1 Aggregated power production probabilistic guarantees

In the simulations, the TSO does not request power from
the VPP in the interval t ∈ (0, 4), i.e. it is sufficient that
the VPP does not import power from the main grid. Then,
starting from t = 4h, the reference power production
P ref
n (t) increases to a value of P ref

n (t) = 400KW , and the
VPP must adjust the aggregated production accordingly.
The request is the dashed red line in Fig. 1.
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production Pn(t, δ), the mean value (blue line) with the
1− ϵ level (light blue area). The 1− ϵ level represents the
area containing the 1−ϵ mass of the scenarios, i.e. the area
containing the scenarios that do not violate the constraint
under the a-priori guaranteed level of risk. Instead, some
examples of solutions violating constraints are depicted
as red dotted lines. It can be noticed that the VPP can
correctly schedule the aggregated power production while
minimising the costs of the entire network of agents and
ensuring the satisfaction of local operational constraints.

To verify that the a-priori violation levels are satisfied for
all the networks, we define the violation probability as:

VN (x∗) = P[δ ∈ ∆ :

m
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Hi · x∗
i +Hδ · δ < 0] (10)

Fig. 1. Aggregated power production Pn(t, δ): mean value
(blue line), 1-ϵ level (light blue area), violating un-
seen scenarios (dotted red line). Minimum aggregated
power required P ref

n (t) (dashed black line)

Fig. 2. Violation probability VN (x∗, δ), in red N = 362, in
blue N = 100, yellow and purple line: average value
of the violation

The violation probability VN (x∗) can be approximated by
sampling the violation levels for each daily simulation.

The resulting sampled violation V̂N (x∗) is:

V̂N (x∗) =
1

Mc

Mc
j=1

[1VN
(x∗, δj)] (11)

where 1Vn(x) is the indicator function, indicating if the
scenario δi violates the constraint.

1Vn (x
∗, δj) :=
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1 if (
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i +Hδ · δj < 0) ,
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i +Hδ · δj ≥ 0) .

Figure 2 shows the results for solutions using N = 362
(red boxes) and N = 100 (blue boxes) scenarios. Each
box represents the sampled probability distribution of the
violation VN (x∗), eq. (3), displaying the maximum and
minimum value, the mean, median and the σ confidence
level. Note that, when using N = 362 scenarios, computed
from eq. (9), we always remain below the prescribed
violation level of ϵ = 10% (red dashed line). Our analysis
demonstrates that the violation level remains constant
when the network size increases, even if the number of
scenarios is fixed, as predicted in Del Duca et al. (2025).
This observation suggests that our framework effectively
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Fig. 3. Convergence of the normalised absolute error

separates the complexity of managing uncertainty from
the overall complexity and structure of the network. As
a result, the VPP can maintain operational efficiency
without compromising the network’s scalability.

Moreover, Fig. 2 shows that the violation levels for N =
362 are well below the prescribed violation level; we can
make the solution less conservative by choosing a lower
scenario number, for example, N = 100 (blue box); the
resulting violation probability shifts toward the required
risk level, while its variance increases, in line with the
scenario theory from Campi and Garatti (2011).

5.2 Distributed algorithm convergence

Thanks to assumptions 2 and 3, the distributed solution
converges to the solution of the centralised problem as
the iterations pass. The upper plot of Fig. 3, showing the
evolution of the normalised absolute error between the
distributed solution fτ (xτ ) and the optimal centralised
solution f∗ and the lower plot, showing the residuals of
the coupling equality constraints e = P j

i − P i
j ∀(i, j) ∈ E ,

both exhibit that all the residuals converge to a reasonably
small value ( ≤ 10−4) in at most τ = 100 iterations.
As an additional note, the convergence of the errors
depends mainly on the step size c in Alg. 4 and the
connectivity of graph G; in fact, the algorithm has a
consensus dynamics on the dual variables, which depends
on the graph connectivity and topology.

6. CONCLUSIONS

In this work, we presented a distributed architecture for
managing a Virtual Power Plant that can simultaneously
optimize a network of microgrids and provide the primary
grid with a minimum level of aggregated power produc-
tion while guaranteeing a-priori probabilistic constraint
satisfaction levels on unseen net-demand realizations. Our
method has several advantages, such as privacy, robustness
to communication issues and disconnections, and scala-
bility with respect to the number of agents. Due to its
simplicity, efficiency, and scalability, the presented archi-
tecture is a step towards real-life implementations of dis-
tributed microgrid aggregating in a VPP. As forthcoming
research, we are developing a VPP architecture tailored

to solve MILP problems, increasing the fidelity of costs
and dynamical models (e.g., batteries) while considering
flexible loads and demand response.
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