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Distributed Algorithm for Coordination in Energy Communities

N interconnected units capable of %ﬁ
® Generating, consuming, and storing energy \\ oon)]
® Exchanging energy and information

Energy exchange: (fully connected)

Units trade energy with everyone and the main grid

Information exchange: (graph-based)

Units communicate only with their neighbors

Goal: Leverage distributed optimization to enable cooperation among units, achieving a global objective

Brumali, Carnevale, Carli, Notarstefano (2024). A Distributed Algorithm for Coordination in Energy Communities. In 2024 IEEE 20th International Conference on Automation Science and
Engineering (CASE)
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Energy Community Setup

Setup

N agents divided among buyers and sellers
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Buyers: Can't satisfy their energy demand

Goals:

® Demand satisfaction

® Buy energy at the lowest price

Sellers: Excess of energy that can be sold
Goals:
® Maximize revenues

® Store energy for future use

Brumali, Carnevale, Carli, Notarstefano (2024). A Distributed Algorithm for Coordination in Energy Communities. In 2024 IEEE 20th International Conference on Automation Science and
Engineering (CASE)
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Buyer Detall

Decision Variable: ¢; € [¢p, ¢,]

® Unit bid that buyer 1 is willing to pay

® Constrained by the main grid market prices

Energy received: follows a proportional sharing rule

. C;
E(c,w) = E(w)

Z1'693’ Ci

Note: E(W) = Zjec? ijj total energy sold, function of sellers decision variables and energy excesses Ej

Cost function: 5 gy _ ;
1.7 =€ ||E(c,w) — E||* + € E(c,w)(c; — c)

Demand satisfaction Low ene?gy cost

with E: the energy demand
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Seller Detall

Decision Variable: w; € [0,1]

® Percentage of energy to sell

® Consistency constraints

Cumulative and Unit Revenue: follows a proportional sharing rule

Va\

Ew;
R(c,w) := Z c;E(c,w) and Rj(c, w) = R(c,w)—
IERB E (W)

Cost function:

(e, w) = viRi(c,w) =y’ In (1 + Ej(l — Wj))

[ _y | . 7
— —~

Revenue maximisation Satisfaction from storage
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Distributed Aggregative Optimization Problem

Remark:fiB and ];S depends on an aggregation of all decision variables %ﬁ

Optimization Problem:

min Y fBc,o(c,w) + ) f5w;, o(c, w))

ClsensCp .
IER JES

Wiils oeos Wy
subj . to c; € [cp, ], Vie &
w; € [0,1], Vied

— 1] , ;
where o(c,w) :=— | 2. 2 C D Cis ZjeS Ew,;

Total bid x R(c,Vv) Total Energy Sold

Solution Algorithm:
® Gradient-based update with local proxies for global quantities

® Consensus-based update to track global quantities

Brumali, Carnevale, Carli, Notarstefano (2024). A Distributed Algorithm for Coordination in Energy Communities. In 2024 IEEE 20th International Conference on Automation Science and
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Algorithm

Notation:

® Buyer: x; :=c¢; and X; := [¢;, ¢]

® Seller: x;:=w;and X; := [0,]]
t+1
Gradient-based L,
>
update
Gradient based Update:
t+1 t+1
® = Py |x! =7 (V£ 5D + V) | oY | Consensusbased
update
A
Consensus based Update: o— o

/

I I
9= 3 o+ i) 4 L\
JEN; e
I 1 r+1
Y= Z aijyjt + Vo i s ) = Vo filx, s))
JEN,
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Numerical Simulation: Focus on Demand satisfaction

Desired Behavior:

Buyer 2 prioritizes demand satisfaction

Parameter Selection:

eg >> max {gid, el 85, ;/j”, ;/;} Vie B\{2},Vjed

i’

Buyer variables Energy demand error
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Numerical Simulation: Focus on Storage

Desired Behavior:

Sellers 5 and 6 prioritize energy storage

Parameter Selection:

v 7S > max{gd el YT y;} Vie B,Vje S\{56)

[ 9

Seller variables

1
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Data-Driven Distributed Optimization via Aggregative Tracking and Deep-Learning



Data-driven Distributed Optimization

Distributed setup

® agents communicating over a graph

® agents access only local information

Optimization problem /

N
min ) f(x;, 6(x))

User feedback Optimization

~_

New pair (ug i, Uy ;)

New sample f;(uz.i,Us;)
/ e s
‘ ‘\ \,

where 6(Xx) := %Zil ¢(x;) is called aggregative variable

Data-driven scenario
® Unknown local objectives

® One feedback of each at each iteration

Brumali, Carnevale, Notarstefano, “Data-driven Distributed Optimization via Aggregative Tracking and Deep Learning”, in 2025 submitted to journal (conf. L4DC 2024)
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Distributed Strategy and Theoretical Guarantees

Solution Idea: Optimization o (dE.dE )
® Approximate the descent direction as Vf; - o é(“m’“w) oW _Sluived)
l qb%(xz) (Jz ng) ) ) )
) 4 o0

® | carning based on local neural networks | Tracking  |— fiut uk 00 | B

. > m ’e’f — ;5
® Update the current solution estimate x! %%gég p i
o

1 ~N .k k g
Track o(x) and ﬁzizlfi(xi’ o(x)) via w; and z Vi fi (x5 65 0F) l

vai (Xfa&faef) v

Theoretical Guarantees:
® Convergence to a neighborhood of the optimum

® Proof based on timescale separation and averaging theory

Brumali, Carnevale, Notarstefano, “Data-driven Distributed Optimization via Aggregative Tracking and Deep Learning”, in 2025 submitted to journal (conf. L4DC 2024)
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Learning Strategy

ldea: for each iteration k

® Given a neural network with parameter 8, € R™ ritdb // \
> ) F (s d® . wsd® 6.
® Sample f; in a point around the current (x;, 6(x)) k %§< ~ fz(xz+dm,i,) it+dgi, 0:)
A wq;—l—d(m; /
® Learnf.(-,-) fromsamplesas fi( -, , 0) > \ /‘

Training cost function:

fl.(xl.k, w;, 0)) 1= % ”fl-(xl.k A5 w. cfmz’) — A,<x,k dlf’i’ W, d]fai, Hi) ||2

Gradient estimate: Vf(-,-) &~ Vfi( ., -, 0)

V. [f.(x;, w;, 8) proxy for Vf.(x;, w)), V, f(x;, w;, 8:) proxy for V, f.(x;, w;)

Brumali, Carnevale, Notarstefano, “Data-driven Distributed Optimization via Aggregative Tracking and Deep Learning”, in 2025 submitted to journal (conf. L4DC 2024)

G. Notarstefano (University of Bologna) — Distributed optimization and learning for energy communities — ECODREAM 13



Optimization and Tracking Steps

ldea: for each iteration k

® follow an approximated gradient method

® Irack global quantities with local proxies wk, zl.k e R

l

Optimization Step:

xitl = xik — }/in fi (xik’ Wik + ¢i(xik)’ ‘9ik>

l

. Agent 1
Tracking Step: proxy
Consensus based update such that
' ' ' A > Global quantity
wr + @, (xf) —> o(x")
k— 00
k >k ok b pk RN 2k ok gk Agent N
2E+ V, fi(xE wh+ (xb), 6F) — Nszfj xk, o(x%), 0 proxy
— 0
j=1
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DEep-Learning aggregative TrAcking (DELTA)

| xg (g ;,d5 )
Learning update Optimization
k+1 _ pnk k k k (u:lz,ivui,i) - f%(u’;,zvui,z)
07 =607 —yVit, <x +dwi + @, ( )+d 0, ) qﬁi(xf)l T(Jz,gz) >(L/ >; -
K -
Optimization update > Tracking g fila 0. 00) | -3
k1 k ok N o i
+ _ e
5t = y[ i (x ( Wi+ Al )"91') (x!,6%) Dg%/ Fo (5% 0k
>
In{ ok | 27 (ok ok ok l
FV )(zl- + V2F, (xk wh o+ (b, 0 ))] Lk ok a8
vzfi(xf,&f,eﬁ \%

Tracking update

Wik+1 — Z alj-(ij + ¢](x]k)> — ¢i(xik),

JEN,
o= 3 (g Vaf, (bl + 46 0F) ) = Vaf, (s wk + x.01).
JEN,
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Numerical Simulations

10° 2*
Setup: I
® N =20 agents FE .
® Networks structure: 2 layer 300 neurons =
1073 5

Local 1 i | | x x x

fl - X; 0 0.2 0.4 0.6 0.8 1
1 ’xi ] xi | T ) xl- | _bi G(X) +C; t 106

o e — <
= = h B
_ 4
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Distributed Learning and Optimization
of a Multi-Agent Macroscopic Probabilistic Model



Distributed Learning and Optimization of a Multi-Agent Macroscopic Probabilistic Model

Multi-agents systems have been widely studied in optimization, e.qg.,

® LEnergy communities coordination

® Multi-robot applications

Agents can coordinate themselves to make a certain behavior emerge

Existing works based on two approaches to coordinate agents

® Centralized approach to optimize spatial distribution (based on PDEs)

® Distributed algorithms to coordinate single agents \ BB
Goal: = \/ , -
® Address the optimization in one step at a multi-scale level <

® Act directly on the single agents to optimize the behavior of the ensamble

Brumali, Carnevale, Notarstefano (2025). Distributed learning and optimization of a multi-agent macroscopic probabilistic model. European Journal of Control, 101332.
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Problem Setup

Setup: p() P

® N interacting agents modeled as a continuum

® System described by a macroscopic probabilistic model p(x) ¢ *—o

® Discretized workspace into C cells

Goal:

Act on microscopic states x; to achieve a macroscopic behavior p,

Optimization Problem:

C
min Zf(pc(x))
Xpse - sXny —

with p“(x) agents macroscopic model at cell ¢, £(p“(x)) performance index (Kullback-Leibler divergence)

Brumali, Carnevale, Notarstefano (2025). Distributed learning and optimization of a multi-agent macroscopic probabilistic model. European Journal of Control, 101332.
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Solution Strategy

Assumption: for each cell ¢
® Agents posses local models p;(x;)

® Kernel Density Estimation for macroscopic model p“(x)

XA

Macroscopic probabilistic model: p“(x) = %Zilpf(xi)

A|gOr|thm for agent [ Microscopic Perspective (Agent 1)
O MiCI’OSCOpiC State Upd ate: —— Optimization of the Microscopic States
1 d
k+1 _ .k k
N TN Ty Vp(x;) Ef(l?)
p=P %(Wik +pi(xik))
Learning of Macroscopic Model «—
® Macroscopic model learning: K .
0
k+1 _ k Ny k /
Wi o Z aij wj +pj(xj ) Pi(x,- ) O/Q\ \‘

Brumali, Carnevale, Notarstefano (2025). Distributed learning and optimization of a multi-agent macroscopic probabilistic model. European Journal of Control, 101332.
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Numerical Simulation

Scenario: Sensor network deployment problem for event detection

Simulation setup:

Ly(a®)=Lp(z)

1072 -

® Space C:=1[0,100] X [0,100] discretized with C = 2500 o

® Etvent PDF p, mixture of 4 Gaussians .
0 1 2 3 4

@ N = 100 agents with Gaussian p/(x;)

k=20 k = 20000 k = 50000 k = 100000

Brumali, Carnevale, Notarstefano (2025). Distributed learning and optimization of a multi-agent macroscopic probabilistic model. European Journal of Control, 101332.
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Application of Distributed Optimization to the management
of active and reactive powers In sustainable microgrids

Joint work with UNIGE



Application Setting

Consider a microgrid system with N nodes:
® H controllable microturbines
® L renewable sources

® K storage systems

® Main grid

® Boller

Distributed Setup:

® Each node i1s a different agent

® Only local information available

® Graph based communication

Goal: Design and implement a distributed strategy to optimize power production satisfying all constraints

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Agent Model: Microturbine

Decision Variables:

o P,,ilt & [Ezlt’pli{t] electrical power produced at time ¢

e [ F/* untaxed and taxed fuel used by boilers at timet

Constraints: at time ¢

O F,z”tx = (1 —ff)ﬂp}f,lt with ff and f taxation parameters
o F,,=F/S+F;, withF,, total fuel used by boilers

P pii =F,,L,, with p;l’j primary energy for the microturbines

Cost Function:

T—1
pp P i) = & 3 (FitKos + FiKs + Corf)
=0

Where A interval length, K

o K, and C, fuels and emissions cost

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Agent Model: Renewable source

Each renewable produce p;°" of active power at time ¢

Decision Variables:

res

® P,

res

® 4,

active power exploited at time ¢

reactive power produced at time ¢

Constraints:

Use at most the produced power
® p;:fs e [0, p;ets]

res p=d A N
O ql,t S [_q;‘ets’ qz,t]

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Agent Model: Storage Unit

Decision Variables:

® p,it S [fi t,ﬁi,t] active power exchanged with storages at time ¢

® 4., € [q;‘; ,q, . ] reactive power exchanged with storages at time ?
b — ,t- )
Constraint: SoC ¢, constraints

—_ \)
® i1 = Gt M Py, A

® ¢S [gk,t’ €1 ]

Where 77, € [0,1] is the charging/discharging efficiency a;, € [0,1] a decay factor

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Agent Model: Main Grid

Decision Variables:

grid  grid

® P Active and reactive power exchanged between units and grid

® P

P

grd,f ptgrid’O Power bought and sold with the main grid

Constraint:

grid,i grid,o grid

® D — P; — P;
® p grldz, ptgrld,o > 0

° pgrld [p rld, ptgrld] and qgrld = [_qtgrid9 qtgrld]

Cost Function:
—1

J(pgrldz grldo)_Az Bpgrldz . Spgrldo)
=0

With B and S the buying and selling prices respectively

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Agent Model: Boller

Decision Variables:

O pfe’b Primary energy fed to the boiler

® p"” Thermal power produced by the boiler

Constraint:

PP g = p™ with 5z € [0,1] the boiler efficiency

Cost Function:

T—1
J(pred, pitby = A Z ( Epitt + C pfe,b)
=0

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Electrical and Thermal Balance

The system must satisfy these constraints depending on all agents variables

Active and Reactive Power Balance:

th 4 Zpres Zpkt _l_pgnd = p! _l_pveh

heH el kek

res S grid veh
qut qu,t‘F% —%+q
lel kek

Where p?, g9, p/", q’" are the active and reactive power exchanged with the load

Thermal Power Balance:

Zpitzl:lt thb n Zpres = [Et’gt]

heH leL

With pht = U, ph . Where i), 1s a conversion parameter

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Distributed Optimization Problem

Notation:
® x; € X, decision variables of unit i with associated cost J(x;)
® /1.(x;) and g(x;) influence of x; in the electric and thermal balance

® b:=col(p?+p", g%+ q'") and k := col(=D', D)
Constrained Coupled Optimization Problem:

N
min Z Ji(x;)
Xps--sXn 1

S.L. )CZEXZ, l= 1,...,N,
N N
Z hyx;) = b, Z gix;) <k
=1 =1

Solution Strategy:

Distributed Primal Decomposition

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Solution Algorithm:

ldea:

® recast the problem Iinto a master-subproblem architecture

® Sce b and « as shared resources and introduce allocation vectors Yeq.i and y,

Initialization: yg, ;, yip ; - Zj.v: Ve = Ks Zj.vz Vi =b, M > 0 sufficiently large.
For k =0,1,...

Step 1: Compute (x;, p;, 4;, ;) solving
min f(x;) + Mp;
x,€X;,0,;20

S.t. Hi - gi(xi) < yilil,i + pi159
/li : ‘hi(xi) — yflfq,i‘ < pilpa

Step 2: Receive multipliers (//tj, /lj) from neighbors and update
yflzc(;:zl — yflch,i + sz/Vi (/11 _ /1])9 ylli:_ll — yi];,i + ZJEWZ' (:uz R /’t])

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Numerical Simulation

Thermal energy violation

[ | | I [ I

Setup: for N = 8 agents and T = 96

® [ = 3 renewable sources

—
C-

® H = 2 turbines element

max(g(.) - b)

A
Q

® K = 1 storage element

0 | 2 3 Kl 5 € 7 & 9 10

[terations =10

Relative distance from the solution x* Power balance violation

: T T v I T v ) T v v T 1 v v .

10° 1
: ”)3 -
J I ]

- —— o

10" -

| = 2| x*

——

10.2 | | | | ! r
D) | 2 3 Kl 5 € 7 & 9 10 C 1 F4 3 - € 6 7 & ¢ 10

[terations ~10° [terations

Joint work with the University of Genova “Distributed Optimization Algorithm for the management of active and reactive powers in sustainable microgrids”
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Sum up

Distributed Algorithm for Coordination in Energy Communities

Distributed learning and optimization in aggregative settings

Application of distributed optimization to microgrid testbed
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