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Abstract—Modern electrical networks are increasingly charac-
terized by high penetration of distributed generation (DG) and
renewable resources, which introduce variability and uncertainty
that challenge real-time stability and efficiency. Existing control
strategies based on centralized or distributed optimization of-
ten face computational limitations or require complete system
knowledge. This work proposes a physics-informed neural network
(PINN) controller that integrates system physics into an intelligent
agent, generating interpretable local DG operational policies and
coherently transferring global setpoints into local control actions.
The approach is evaluated on the IEEE 4-bus, 34-bus, and 123-
bus systems, including out-of-sample operation over multiple days.
Results show that, compared to state-of-the-art methods, the
proposed method achieves lower voltage violations and operational
costs, smoother active and reactive power dispatch, and robust,
physically consistent performance under uncertainty.

Index Terms—Active distribution networks, distributed genera-
tion, artificial neural network, physics–informed machine learning.

I. INTRODUCTION

THE integration of renewable energy sources into modern
electrical systems has become essential to meet growing

energy demand while reducing the environmental impact of
fossil fuels. However, the increasing participation of stakehold-
ers in distributed resource management introduces operational
uncertainty, creating challenges in stability, voltage regulation,
and dispatch efficiency [1]. Traditional control actions—such
as tap-changing transformers, capacitor banks, or voltage reg-
ulators—operate over long time horizons and rely on local
measurements, which are insufficient under high penetration
of uncontrolled distributed generation (DG) and fast variations
in active and reactive power [2]. This highlights the need for
more coordinated and adaptive control strategies capable of
responding to the dynamics imposed by distributed resources.

A promising solution is to embed intelligence into DGs,
allowing them to actively participate in voltage regulation
by adjusting their setpoints [3]. Centralized, hierarchical, and
distributed optimization methods have been explored to define
real-time dispatch policies under operational uncertainty, often
through optimal power flow (OPF) formulations [4], [5]. While
these strategies capture the physical behavior of the network,
they typically focus on global setpoints and rely on approxima-
tions to maintain computational tractability, limiting their ability
to represent fast dynamics or to be implemented locally. Recent
works have proposed affine control formulations [6], [7] and
reinforcement learning agents [8], [9] to translate global objec-

tives into local actions, yet challenges remain in interpretability,
physical consistency, and practical implementation.

In this work, a physics-informed learning agent is proposed
to design local control policies for DGs, capable of maintaining
voltage within operational limits while efficiently reducing
operational costs. The main contributions include: (i) evaluating
the scalability of the controller across networks of varying com-
plexity; (ii) analyzing its robustness under uncertainty; and (iii)
interpreting the generated control policies to ensure physical
consistency and local applicability. The rest of this article is
structured as follows. Section II reviews the formulation of the
problem. Section III details the solution approach to address the
problem. Section IV presents the design and considerations that
define the intelligent agent. Section V carries out the computa-
tional experiments and analyzes the main results obtained from
the experimental validation. Finally, Section VI summarizes the
key conclusions and highlights future lines of research.

II. PROBLEM FORMULATION

An energy distribution system is represented by a graph
G = (N+, E), with nodes N+ and branches E ⊆ N+ × N+.
In radial systems, G is a directed tree, with line parameters
from node i → j indexed by i. The system state is given by
nodal voltages Vi = |Vi|ejθi , injected power si = pi+ jqi, and
derived variables such as line flows Si = Pi+jQi and currents
Ii = |Ii|ejθi . Each line has impedance zi = ri + jxi. Notation
is summarized in Fig. 1.

Fig. 1. Notation summary for a directed network.

In the figure, the voltage at the upstream node VAi
and the set

of downstream neighboring nodes Ci are added to the notations
already stated, since these are used to define the power and
voltage balance for each node,∑

j∈Ci

Sj = (sGi − sLi ) + Si − zi|Ii|2, ∀i ∈ N (1a)

VAi − Vi = ziIi, ∀i ∈ E (1b)

Si = VAiI
∗
i . ∀i ∈ E (1c)

such that sGi = pGi + jqGi is defined from the feasible region,
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where sGi denotes DG generation, depending on solar
availability p̂G and converter characteristics (s̄G, θ̄i), while
sLi = pLi + jqLi is the nodal demand. The set NG ⊆ N+

collects all generation node, while the set N = N+\{0}. These
equations enforce that, at each node, downstream flows equal
net injection minus line losses. Considering technical limits on
line capacities (

¯
Si, S̄i) and node voltages (

¯
Vi, V̄i), together with

an operational cost function, the most efficient operation of the
system is given by,

minimize
x, s, ε

+
, ε

−
P0 +

∑
i∈E

ri|Ii|2 + λ
∑
i∈N

(ε+i + ε−i ) (3a)

subject to (1a), (1b), (1c), (3b)

¯
Si ≤ Si ≤ S̄i, ∀i ∈ E (3c)

¯
Vi − ε−i ≤ |Vi| ≤ V̄i + ε+i , ∀i ∈ N (3d)

sGi ∈ RG
i (p̂

G
i ), ∀i ∈ NG (3e)

ε−i , ε
+
i ≥ 0, ∀i ∈ N (3f)

The formulation in (3) corresponds the branch flow model
(BFM), whose optimization is challenging due to the nonlin-
earity and non-convexity of power flow equations. The ob-
jective function minimizes utility injection, system losses, and
voltage deviations. The cost associated with voltage deviations
is derived from the soft constraint (3d), which introduces the
auxiliary variables ε+i and ε−i , whose contribution to the total
cost is weighted by the parameter λ. Complexity increases
when dispatching DGs devices under operational constraints
such as voltage limits and line capacities. Convex relaxation
techniques [5] can provide globally optimal solutions in the
convex domain or feasible lower bounds for the original prob-
lem. Building on these, [6] decouples dispatch from operation
using a robust optimization scheme with affine policies mapping
centrally computed dispatch to local controllers. Inspired by this
approach, this work introduces an intelligent agent that learns
to set affine policy parameters, generating dispatch policies
consistent with the physics of the system under a rolling
horizon scheme, updating control decisions in real time as new
information about the system becomes available.

III. SOLUTION APPROACH

This section develops the proposed solution methodology.
To this end, a time–discrete control scheme is considered that
captures the dynamics of the power system through a set of
quasi–stationary closed–loop equations:

xk = f(uk, ξk) (4a)
ũk = g(xk−1, ξk−1) (4b)
uk = projR(ξk)

(ũk) (4c)

The plant is described by (4a), which represents the nonlinear
AC power flow equations for balanced systems, where xk and
uk correspond to the voltages and control actions in discrete
time. The control actions and their projection within the feasible

Droop

control

Polynomial

policy

Distributed generator

Fig. 2. Local control policy scheme. The parameters D, G, v̄, and ū must be
determined using a strategy that optimizes system operation.

operating region are defined by (4b) and (4c). Under reasonable
conditions, as indicated in [10], there is a unique value of x for
each combination of (u, ξ), which allows (4a) to be expressed
as a functional relationship. This relationship underpins the
definition of a control policy g(·), which calculates a set of
reference actions u.

A. Linearized power flow

To ensure computational efficiency, linear approximations of
the power flow in radial networks are employed, considering
the squared magnitudes of voltages and currents, vi = |Vi|2
and ℓi = |Ii|2. Based on this relaxation, the LinDistFlow model
[11] is used, which approximates nodal voltages as linear
combinations of the injected active and reactive powers:

P = F⊤(A⊤
Gp

G +A⊤
Lp

L) (5a)

Q = F⊤(A⊤
Gq

G +A⊤
L q

L) (5b)
v = 2FRP+ 2FXQ+ v01 (5c)

where (pG, qG) and (pL, qL) denote the active and reactive
power of DGs and demand, respectively. AG and AL are
their incidence matrices, while F = A−1 is derived from the
nodal incidence matrix A. The matrices R = Fdiag(r)F⊤ and
X = Fdiag(x)F⊤ are symmetric positive definite and capture
line parameters. The term v01 denotes the reference voltage.
These definitions yield the active flows P, reactive flows Q,
and voltage profile v, expressed compactly as:

v = B(u+ ξL) +m (6)

Here, the vector u = [pG qG]⊤ corresponds to the power
injected by the DG, ξL = [pL qL]⊤ represents the uncertain
demand of each bus, while the linear system is defined by
B = [R X], and m = v01.

B. Local control policy

To design the control policy systematically, g(·) is restricted
to a polynomial functional family that balances flexibility and
simplicity [6]:

g(x, ξ) = Gx+

d∑
j=1

DjΓ
j(ξ) , with Γj(ξ) =

(
ξ − ξ̄

σ (ξ)

)j

(7)

This control structure is shown in the Fig. 2. The function
Γj(·) is the standard scale raised to the j–th degree, while
ξ = [pL qL p̂G]⊤ is the uncertainty vector. The matrices G and
Dj contain the control parameters and are structured in blocks
that reflect the component-by-component interactions between
the uncertainty and the control actions,
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Fig. 3. Agent interaction with the operating environment. This has two operating
layers: (i) centralized for adjusting operating policy, and (ii) local represented
by the DG controllers.

G=

GpG

GqG

 , Dj =

[
DpL→pG

j DqL→pG

j Dp̂G→pG

j

DpL→qG

j DqL→qG

j Dp̂G→qG

j

]
, (8)

for j = 1, . . . , d, each entry in (8) is an |N | × |N | diagonal
matrix, where the superscript indicates the component-wise
interaction between uncertainty and control. Compactly, we
write D = [D0, . . . ,Dd] and refer to it as the matrix of
polynomial policy parameters. As shown in Fig. 2, dispatch
is performed using drop correction, which uses the difference
between the measured voltage v and the nominal voltage v̄,
together with polynomial correction for uncertainty and the
nominal dispatch power ū estimated for the operating window.
For real-time control, the parameters must be updated efficiently
and robustly, ensuring optimal system performance.

C. Stability condition

To ensure the stability of the system under the control
structure defined in (7), it is necessary to analyze its impact
on the set of quasi-stationary closed-loop equations. When
developing (4), we obtain

xk+1 = BGxk +B

d∑
j=1

DjΓ
j(ξk) +BξL

k +m, (9)

As can be seen, projection (4c) is not taken into account.
According to discrete control theory, the exponential stability
of the system is guaranteed by imposing a constraint on the
effective gain BG [6]. In particular, a design condition based
on the 2–norm is adopted,

||BG||2 ≤ 1− δ, (10)

where δ is the AC power flow approximation error.

IV. AGENT DESIGN

The characterization of the controllers is performed by an
intelligent agent, designed to be robust in the face of uncertainty
and to ensure optimal system performance. To do this, the agent
must: (i) capture the quasi-stationary behavior of the system,
(ii) act in accordance with its physics, and (iii) optimize its
operational performance. Fig. 3 illustrates the framework for
interaction between the agent and the operating environment,
organized into two layers: (i) a centralized layer, responsible
for adjusting the operating policy and which, in addition to the
intelligent agent, has historical measurements of the system to

Temporal convolutional layers 

Dense layers 

Feature

maps

Input

data

Kernel

(subsampling)

Causal convoluvion

Convolutional layers

Kernel

(subsampling)
Hidden

layer

Hidden

layer

Hidden

layer

Hidden

layer

Fig. 4. Agent design. The CL acts as an encoder, adjusting the convolutional
kernel in size Nδ and number of filters Nf ; the TCL captures the causality of
the data (black arrow) by adjusting the dilation D and using the same number
of filters as CL; and the DL constructs the output from the latent space with
Nn neurons and ND layers of depth.

generate samples that characterize its state, and (ii) a local layer,
composed of the DG controllers. This operational framework is
based on a rolling horizon approach, where the policy param-
eters defined by the agent remain fixed during an operational
window and are updated as the operation progresses.

A. Design

The agent is designed to capture the quasi-stationary behavior
of the system reflected in the data. Its architecture consists of
convolutional layers (CL), temporal convolution layers (TCL),
and dense layers (DL). As shown in Fig. 4, the CL process
a three-dimensional tensor of spatial, electrical, and temporal
information. Convolutions compress the spatial and electrical
dimensions, preserving the temporal structure. This compact
representation is then processed by causal TCLs, ensuring that
each output depends only on past data. Finally, DLs map the
latent features to the DG control policy: matrices G and D, and
set-points v̄ and ū. Following [6], bounded linear activations
are used for v̄ and ū, and sign constraints G ≤ 0, D ≥ 0 are
enforced via appropriately signed ReLUs.

B. Training strategy

The training strategy aims to ensure that the agent learns an
optimal control policy while respecting the physical constraints
of the system. To do this, the process balances two objectives:
minimizing operating costs and ensuring physical feasibility,
both addressed through an optimization problem that defines the
optimal operation of the system given the control parameters,
described below:

min
u,ε−,ε+

(u+ξL)⊤R̃(u+ξL)−1⊤(u+ ξL)+λ1⊤(ε−+ε+) (11a)

P, Q, v = LDF(u, ξ) (11b)

u = ū+G(v − v̄) +

d∑
j=1

DjΓ
j(ξ) , (11c)

P2 +Q2 ≤ S̄
2 (11d)

x̌− ε− ≤ v − v̄ ≤ x̂+ ε+ (11e)

u ∈ RG(ξ) (11f)

ε− ≥ 0, ε+ ≥ 0 (11g)
||BG||2 ≤ 1− δ (11h)

where R̃ = diag(R,R) and the function LDF represents the
power flow equation (5). The objective function (11a) mini-
mizes utility participation while penalizing voltage deviations,
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Algorithm 1 Training phase
Require: N∆, Nξ , M, and η
1: Θi=0 ← Weight initialization using the Xavier–Glorot method
2: νs=0 ← 0
3: Mbat ← Subsets from random clusters of M.
4: for each i–iteration of training do
5: for each s–sample {zs, ξs} ∈ Mbat do
6: ys ← Get input sample considering N∆.
7: ws ← Forward pass computation with ys and Θs.
8: Update of control policy with ws.
9: for k = 0, 1, 2, . . . , Nξ do

10: ξk,s ← Uncertainty measurement.
11: xk,s ← LDF equations (5)
12: ũk,s ← Local control policy (7)
13: ℓLs ← Compute loss function using (13).
14: Θs ← Update weights using state-of-the-art optimizer with η.
15: if stoping criterion is met then
16: break
17: νi ← Update duals variables.
18: return Θs

achieved by reducing system losses and maximizing DG con-
tribution. Based on the formulation (11), the KKT optimality
conditions can be derived as follows:

ℓssp =
∣∣∣∂ζ

pG + λ∂ε
pG + 2ν1P∂P

pG + ν21
⊤ + 2ν3p

G
∣∣∣ (12a)

ℓssq =
∣∣∣∂ζ

qG + λ∂ε
qG + 2ν1Q∂Q

qG + 2ν3q
G
∣∣∣ (12b)

ℓslkS =
∣∣∣ν1(P

2 +Q2 − S̄
2
)
∣∣∣ (12c)

ℓslkRG =
∣∣∣ν2(p

G−p̂G)
∣∣∣+∣∣∣ν3

(
(pG)2+(qG)2−(s̄G)2

)∣∣∣ (12d)

ℓprimS =max
{
0, P2 +Q2 − S̄

2
}

(12e)

ℓprimRG =max
{
0,pG−p̂G

}
+max

{
0, (pG)2+(qG)2−(s̄G)2

}
(12f)

The notation ∂Y
X denotes the partial derivative of Y with

respect to X . For simplicity, derivatives are expressed up
to the dispatch (pG, qG), which are linear functions of the
agent’s control parameters and thus fully differentiable. The
dual Lagrangian is solved using a subgradient method [8] that
updates the values ν1, ν2, and ν3. The expressions (12) are
subject to the reformulation proposed by the authors in [12].
This reformulation facilitates the integration of each optimality
condition into a single training function for an intelligent agent.
Here, the optimality conditions transfer to the agent both the
systemic knowledge contained in the constraints and the criteria
that favor optimal operation. The training function consists of,

ℓ = ℓssp + ℓssq + ℓslkS + ℓslkRG + ℓprimS + ℓprimRG + ℓctr + ℓreg (13)

The first terms are those defined in (12); while ℓctr and ℓreg

are complementary terms associated with control stability and
regularization, defined as,

ℓctr = max {0, (1− ε)− ||BG||2} (14a)

ℓreg = λL

∑
θ∈Θ

|θ| (14b)

where Θ are the agent’s weights and λL is the penalty factor.
The approximation error δ is computed by comparing the
voltage profiles from (11) and (3). Algorithm 1 summarizes
the training of the physics-informed agent. Here, N∆ defines
the past-data horizon for forming the input y = [x, ξ]; Nξ sets
the horizon over which the control parameters w = [G,D, v̄, ū]
remain active; M is the measurement set; and η is learning rate.

V. COMPUTATIONAL EXPERIMENTS

The training and evaluation of the intelligent agent is based
on the cases reported in [6], which consider IEEE 4, 34,
and 123 bus test feeders. These cases include solar demand
and availability measurements with a resolution of 6 seconds
over 67 days. From this set, a fraction is used to learn the
control policy and another to validate its performance. The
training samples use the observed uncertainty together with the
voltage profile obtained by simulating the operating state. The
methodology is implemented in Python 3.10.9 with TensorFlow
2.14.0 and runs on a server with an Intel Xeon(R) Gold 5218
processor @2.30GHz×32 and 16GB×8 of ram at 1600MHz.

A. Training process

A random search is performed with different seeds to tune the
agent, considering the hyperparameter space defined in Table I.

TABLE I
SEARCH SPACE OF INTELLIGENT AGENT HYPER–PARAMETERS

Object Hyper-parameter description Symbol Search space

Enviroment Number of days observed Nd 1–7 day
Context window N∆ 150–2,250

Agent Dilatation base D 2–3
Kernel size Nδ 150–300
No. filters Nf 32–64
No. dense layers ND 1–3
No. neurons per layer Nn 10–30

For all feeders, the agent uses a 15-minute decision horizon
(Nξ = 150), while the observation window is tuned during
the search. Training employs a batch size of 32, a penalty
λL = 0.15, and a learning rate η = 1× 10−6 with Adam opti-
mizer. Fig. 5 shows that windows shorter than two days lead to
suboptimal predictions, while windows longer than four days
increase computational cost. A three-day window (450 points)
balances these effects and is used for all feeders. Under this
configuration, the final models are obtained, and Fig. 6 shows
that minimizing the objective function reduces operating costs,
confirming that optimality conditions guide the agent toward
efficient system performance.
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Fig. 5. Agent performance vs. context window.
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Fig. 7. Comparison of voltage, active power, and reactive power profiles for
IEEE-1547 and the proposed method.

B. Out-of-sample operation

The performance of each strategy is evaluated using the seven
most recent days, comparing standard distribution system met-
rics: average voltage violation per bus (AVV), hourly average
utility power injection (HUPI), hourly curtailed photovoltaic
(PV) power (HCPVP), and hourly network losses (HNL).
Table II complements the analysis with additional operational
indicators, in addition to reporting execution time and compu-
tational burden, measured by peak RAM usage. The schemes
considered are the IEEE-1547 standard [13], the network-
cognizant local voltage sag control (NCognizant) [4], robust
co-optimization of the control structure (Robust) [6], and the
proposed agent. Results show that NCognizant, Robust, and the
proposed method achieve satisfactory voltage regulation, with
the latter benefiting from optimality-informed decision-making
to improve overall system performance with shorter execution
time. Although the proposed method has shorter execution
time, its tuning and deployment process is typically slower
than that of optimization-based methods. Fig. 7 illustrates the
intra–hour voltage response of the 34–bus test feeder under the
IEEE-1547 standard and the proposed approach. The IEEE-
1547 standard fails to contain voltage violations, particularly
between 10:50am and 3:20pm on buses 20 and 21. In contrast,
the proposed methodology maintains all voltages within safe
limits, reaching a maximum of 1.040p.u. for bus 21. This
superior performance arises from its combination of voltage

TABLE II
COMPARISON OF THE PROPOSAL vs. LITERATURE MODELS IN THE

OUT-OF-SAMPLE OPERATION.
Test Strategies AVV HUPI HCPVP HNL Execution Computational
feeder ×10−7 (kW) (kW) (kW) time (s) burden (GB)

IEEE IEEE1547 [13] 769.51 251.65 96.26 26.54 0.05 1.98
4–bus NCognizant [4] 5.32 584.91 429.52 31.31 29.82 3.05

Robust [6] 7.64 414.76 259.36 26.17 31.93 3.67
Proposed 2.04 433.25 262.12 24.66 0.13 4.10

IEEE IEEE1547 [13] 637.46 -196.82 0.00 42.05 1.41 6.45
34–bus NCognizant [4] 96.49 765.09 568.27 105.83 49.68 12.63

Robust [6] 0.00 392.49 195.67 62.59 64.21 16.34
Proposed 0.00 367.18 183.94 51.91 2.32 19.53

IEEE IEEE1547 [13] 11245.20 -252.75 80.54 153.28 2.45 9.83
123–bus NCognizant [4] 374.41 1387.25 1389.70 50.26 112.52 24.68

Robust [6] 75.71 195.77 486.40 107.11 155.17 30.81
Proposed 53.88 203.25 477.21 101.22 3.22 44.48

droop control, polynomial adjustments to handle uncertainty,
and physics-informed training, enabling a smoother and more
efficient active and reactive power dispatch compared to the
baseline standard.

VI. CONCLUSIONS

This paper proposed a centralized framework for defining
local DG operational policies by integrating system physics
into the training of an intelligent agent, ensuring physically
consistent and efficient control. The approach demonstrated
its effectiveness in managing high PV penetration scenarios,
achieving superior voltage regulation and cost-effectiveness
compared to conventional methods, while preserving physical
consistency and showing stable behavior in all tested scenarios.
Computational results confirmed robust performance, showing
that the proposed agent maintains voltages within safe limits,
optimizes active and reactive power dispatch, and outperforms
the IEEE-1547 standard in out-of-sample and intra-hour opera-
tions. Future work will focus on real-time functional control
rules, scalable multi-agent architectures based on federated
learning, improved OPF formulations, and extended training
horizons with regularized control parameters.
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