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Abstract

Legacy distribution systems need to adjust to emerging operational contexts. The rise in dis-
tributed generation will introduce efficiency challenges, and the limited communication capabili-
ties of these systems hinder centralized control methods. Academic research has thus focused on
distributed control strategies for photovoltaic generators to enhance operations and handle uncer-
tainties. Traditional literature approaches utilize distribution system models for optimizing control
parameters, which presents a computational challenge. This thesis work presents a new framework
for defining local operational policies for distributed generators by integrating machine learning
algorithms into a control structure for real–time operational solutions. The work focuses on the
design, training and integration of an intelligent agent that optimizes local operation under condi-
tions of uncertainty, while minimizing energy consumption and voltage violations. The intelligent
agent takes advantage of the physical structure of the system and causal relationships, process-
ing the uncertainty of the system and historical data to adjust local controllers. Computational
experiments demonstrate the effectiveness of the proposed method, surpassing state–of–the–art
frameworks in scenarios of high penetration of renewable energies. The approach guarantees high
economic efficiency and effective voltage regulation, while addressing the physical interpretability of
machine learning models in energy systems. Sensitivity studies and simulation results confirm that
the methodology outperforms traditional methods and manages distribution networks efficiently
under conditions of uncertainty.
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Chapter 1

Motivation

Integrating renewable energy sources to address the continuously escalating demand for power
systems has emerged as a viable solution. Such an integration harbors numerous advantages,
including mitigating environmental impact by displacing non-renewable energy resources. However,
a substantial challenge is also associated with it: ensuring a reliable supply of electrical power that
meets acceptable quality standards [1]. This issue presents several technical challenges, with voltage
regulation being the most critical, as it often restricts the integration of distributed generation (DG)
into distribution networks.

Within this context, traditional utility equipment’s slow control actions do not suffice for com-
prehensive voltage regulation [2]. Conventional strategies depend on Volt/VAr algorithms to or-
chestrate the functioning of tap–changing transformers, capacitor banks, and voltage regulators.
They aim to respond to alterations in feeder load level to sustain voltages within safe parame-
ters and, possibly, minimize feeder losses. Although Volt/VAr control strategies have exhibited
efficacy on traditional feeders, they have also been recognized as potentially inadequate when ex-
tensive amounts of unregulated photovoltaic (PV) generation increasingly penetrate distribution
feeders [3]. A potential resolution to the problem highlighted above is integrating intelligence into
the DGs to control their generation set–points [4], which delineate the functioning of the volt-
age source converters (VSCs). Such an approach is proposed as an alternative to enhance the
flexibility of established distribution networks significantly, necessitating minimal equipment and
infrastructure upgrades.

Along these lines, multiple works have proposed control strategies to define DG dispatch, focusing
on designing policies that can effectively manage the uncertainty inherent in the data, and creating
models and algorithms that can effectively utilize distributed energy resources (DERs) in real–
time. This work belongs to the latter group. This approach is distinguished by utilizing real-time
operation techniques, which involve designing algorithms that adjust the output of DGs as actions
that can be executed during time instants in which partial or total uncertainty is disclosed. This
concept promotes the development of modeling policies based on the uncertainty of the problem.
Examples are policies that are based on the continuous calculation of the reactive power of DGs as
a function of voltage [5, 6], making use of defined functional structures. Similarly, proposals have
recently emerged that delegate the handling of uncertainty to more complex Machine Learning
(ML)-based structures [7]. These approaches are a substantial improvement over the strategy
proposed by IEEE 1547.8 [8], but carry with them a number of simplifications that define a field
of improvement with respect to real-time controller design.

In order to take advantage of the benefits of using an ML-based agent for uncertainty management
and to bridge the gap between the modeling of the system and its real-world operation, our research
focuses on the development of an agent endowed with the ability to update an affine control policy.
In this context, we refer as agent to an computational model based on artificial neural networks
(ANN) that autonomously determines control actions based on predefined system inputs and ob-
jectives, while maintaining the interpretability of its decisions through the physical principles of
the system. To this end, we integrate physics-informed neural networks (PINNs) with optimization
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techniques to improve the agent’s decision-making process. PINNs are ANN that use the physical
laws of a system, such as partial differential equations, to guide model training [9]. This practice
has proven to be especially effective for problems with limited data but well-understood physical
dynamics. Recent literature suggests that the incorporation of Karush–Kuhn–Tucker (KKT) con-
ditions provide a natural way to link PINN physics-based training with optimization models [10].
By defining the optimality conditions of an optimization problem, KKT conditions allow the devel-
opment of analytical expressions that, with proper reinterpretation, serve to guide agent training.
This integration allows the agent to dynamically adjust the control parameters, optimizing system
performance and achieving economic efficiency superior to that of existing models.

1.1 Hypothesis
Given an active distribution network equipped with controllable DGs, a weak communication
infrastructure that imposes communication constraints between components, and assuming that
the system can be partitioned and controlled coordinatedly by controllers associated with the
active components, whose main characteristic is having partial access to uncertain states’ history
and parameters, we posit the following:

It is possible to manage an active distribution network by applying distributed control tech-
niques and optimization procedures under a wide range of real-time operating conditions.
Coordination of these processes with physics-informed artificial intelligence algorithms al-
lows for optimal dispatch of spatially distributed generation sources even under high levels
of uncertainty. The application of this framework yields more efficient performance than
the control configuration recommended by the IEEE-1547 standard.

1.2 Objectives

Main objective
The main objective of this work is to develop a framework for the centralized definition of local
operating policies for DGs by incorporating ML algorithms into the control structure of a distribu-
tion system. The framework aims to optimize system operation under uncertainty, ensuring global
optimality in local operations while minimizing energy consumption and voltage violations. A key
aspect of the approach is the integration of the system’s physical structure and causal relationships
into the intelligent agent’s design, making the agent physically interpretable. This design allows
the agent to capture the inherent physics of the distribution network and transfer this knowledge to
define the operational parameters of local controllers in real-time, ensuring effective system perfor-
mance. The scenarios are specifically designed with high solar energy penetration to emulate future
operating conditions, enhancing the agent’s ability to improve traditional voltage control methods
and contributing to more efficient, responsive, and sustainable power distribution methodologies.

Specific objectives
1. In the context of distribution networks, review the current literature on optimal power flow,

voltage control strategies, and optimization under uncertainty.

2. In the context of neural networks, carry out a literature review of ANN architectures and
training mechanisms based on the physics of the systems. In particular, the aim is to develop
guidelines that define the agent, together with a training environment that allows the inherent
physics of the system to be captured under conditions of uncertainty.

3. Define and implement an optimal power flow model suitable for partitioning and integrating
the response of the intelligent agent using standard solvers or real-time simulators, considering
the equilibrium equation for the closed-loop controlled distribution network.

4. Design and develop out-of-sample computational experiments using a set of IEEE instances
under different distributed generation and uncontrolled load scenarios.
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Chapter 2

Background

This chapter outlines the theoretical framework and the fundamental model-
ing techniques used throughout this work. First, the conventional and non–
conventional mathematical notation used for the mathematical formulation of
the operating models is stated. Secondly, some background information on
active distribution networks is presented, emphasizing the challenges and op-
portunities they present, together with the operating structures and regulatory
framework that defines the operating standards. Likewise, the section continues
with the presentation of the background on the optimal power flow problem,
which from its fundamental formulation, derived formulations are developed
and presented, allowing the construction of linear models for its subsequent
use. Finally, the background related to artificial neural networks and their link
with the resolution of optimization problems and optimal operation under un-
certainty is presented. The topologies of existing networks are formalized, along
with establishing their interaction with the operating environment according
to their designated task, as well as defining training and operation techniques
derived from the optimization theory used later in this proposal.

2.1 Mathematical notation
For the mathematical development of the models, three types of elements are considered: variables
and parameters, written in roman and math italic font; vectors and matrices, written in roman
bold and math bold font; and sets, written in calligraphic font.

Linear algebra

Operator (·)⊤ corresponds to the transpose, (·)H means to the Hermitian transpose, and (·)∗
corresponds for its complex conjugate. The operator | · | has different meanings depending on
its application: in a scalar it returns the absolute value; in a phasor it returns the magnitude;
and in a matrix it means the cardinality. For a given N × 1 vector x: xi represents the ith

element and xm denotes its mth element–wise power. Let y be another N × 1 vector, then x ⊙ y
and x/y denote element–wise multiplication and quotient respectively (same notation applies for
matrices). For an N×N matrix A, with eigenvalues λ1, . . . λN the spectral radius ρ(·) is defined as
ρ(A) := max{|λ1|, . . . |λN |}. For an M×N matrix A, the Frobenius norm is ||A||F =

√
Tr(AHA).
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2.2 Active distribution networks

An active distribution network (ADN) is an electric power distribution network designed to incor-
porate advanced technology and intelligence to improve the efficiency and reliability of electricity
distribution in the face of scenarios with a high penetration of variable renewable resources (VREs).
Traditionally, distribution networks have been passive, meaning that power flows in only one direc-
tion from the transmission grid to end users. In an ADN, however, DERs such as renewable and
non-renewable DG, distributed energy storage systems (DESSs), plug-in electric vehicles (PEVs),
and users are integrated into the grid and actively managed to optimize their performance and
contribution to the network [11]. The interaction between the different agents that make up an
ADN is depicted in Figure 2.1.

Wind
Integration

Photovoltaic
Integration

Electric Vehicle
Charging

Demand Side
Participation

Storage
System

Active

Distribution

Network

Active
Network

Management

Transmission DistributionGeneration

Figure 2.1: Structure of the ADNs [12].

The integration and participation of multiple agents, each with a certain degree of uncertainty, in
the energy management of an electricity system introduces several challenges as well as opportu-
nities. These complexities are especially pronounced when it comes to coordinating various energy
sources in order to maintain the stability of the power system. As evidence of this, a key chal-
lenge is the effective management of DERs, which are inherently variable and less predictable than
conventional energy sources. This variable nature of VREs requires the application of advanced
forecasting techniques and local response strategies to ensure that generation matches demand in
real time. In addition, ensuring the reliability of energy supply is becoming increasingly complex
as the number of decentralized agents and VREs increases. Finally, ensuring compliance with the
regulatory framework represents another critical challenge, as the integration of DERs involves
coordinating a wide range of technologies and standards frameworks. This complexity requires
robust control mechanisms and interoperability solutions to ensure quality of service.

Despite these challenges, the integration of DERs exhibits substantial opportunities to improve
the efficiency and sustainability of the power network. The integration of multiple stakeholders in
the management of a system can significantly improve energy resilience by decreasing reliance on
centralized power plants, fostering a more diversified energy portfolio [13]. These energy resources
provide localized generation, which allows for the reduction of transmission losses. In addition,
the integration of DERs innovation in demand response solutions leading to more flexible and
adaptive network management in pursuit of increasing the sustainability of the clean energy share
of the overall energy mix, contributing to the reduction of greenhouse gas emissions and aligning
with global climate goals [14]. To manage the system to meet these objectives, the ADNs feature
advanced sensors, communication systems, and automation technologies that enable the network
to detect and respond to uncertainty in real-time [15]. These technologies enable the network to
actively manage the distribution of electricity and balance the generation and demand, improve
the stability and reliability of the grid, and support the integration of renewable energy sources.
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2.2.1 Operation of ADNs under uncertainty
The increasing integration of DERs into distribution systems has resulted in the inadequacy of tra-
ditional practices to effectively manage the high variability of these power sources [16]. In addition
to the intrinsic variability of VREs, the high penetration of DERs in distribution systems causes
reverse power flows, thereby increasing the likelihood of voltages exceeding the limits prescribed by
regulation [15]. To meet these challenges, ADN decision–makers must design effective policies that
accommodate scenarios with high uncertainty, prevailing a good balance in the trade-off between
cost-effective and reliable solutions [17, 18]. Along these lines, several authors have focused their
efforts on the design of policies that can effectively manage the uncertainty inherent in the data
and/or on the creation of models that can effectively utilize DERs in real–time, which requires a
thorough understanding of the system dynamics as well as the dynamics and limitations of the
controllable devices.

Sources of 

Uncertainty

Electric Vehicle
Charging

Renewable
Generation

Uncertainty

Time

P
o
w

er
Electricity
Demand

Active

Distribution

Network

Uncertainty

Time

P
o
w

er

Uncertainty

Time

P
o
w

er

Figure 2.2: ADN subject to different sources of uncertainty.

The first approach depends on traditional OPF scheduling, where the DGs’ power set–points
are considered pre–determined decisions before the manifestation of uncertainty. This method-
ology employs a centralized (or decentralized) entity responsible for determining the operational
set–points of the DGs within the operating window. These set–points are established based on
historical observations of uncertainty and the global information of the network. An optimization
model, incorporating the OPF as a sub–problem, is solved to accomplish this. In contrast, the
second approach is distinguished by utilizing real-time operation techniques, which involve design-
ing techniques that adjust to the output of the DGs as actions that can be executed during time
instants in which partial or total uncertainty is disclosed. This concept promotes the development
of modeling policies based on the uncertainty of the problem. In the context of ADNs, a frequently
employed policy is the continuous calculation of the reactive power of the DGs as a function of
the maximum available power [19] or voltage [4–6, 20–22]. Consequently, traditional applications
are considered within this approach. Both approaches make instantaneous decisions. The former
involves determining DG output, while the latter involves determining control policy parameters.
Moreover, treating uncertainty in the calibration of adjustable policies is akin to the conventional
OPF–based approach.
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2.2.2 Modeling PV DGs
Recent literature highlights the potential for managing and controlling DGs as a leading and
proficient alternative for the effective operation of ADNs [2]. Most studies concentrate on solar
and wind generators interfaced by a controlled voltage source converter. However, we focus solely
on PV generation, for which we provide some modeling context. In steady–state operation, PV
VSCs of size s̄DG may inject complex power (pDG

g , qDG
g ) in four modes, as shown in Figure 2.3.

(a) MPP (b) RPC (c) APC (d) OIDPV DG Schematic

Figure 2.3: Operational chart of different operating modes for the PV DGs [23].

We denominate them maximum power point (MPP), reactive power control (RPC), active power
control (APC), and optimal inverter dispatch (OID). In all operating modes, the maximum active
power p̂DG depends on solar irradiance and thus is uncertain. They are mathematically described
as the set:

(a) Maximum power point (MPP):

RDG
g (p̂DG

g ) =

{(
pDG
g , qDG

g

)
∈ R2

∣∣∣∣∣ p
DG
g = min

{
p̂DG
g , s̄DG

}
qDG
g = 0

}
, ∀g ∈ NDG (2.1a)

(b) Reactive power control (RPC):

RDG
g (p̂DG

g ) =

(pDG
g , qDG

g

)
∈ R2

∣∣∣∣∣∣
pDG
g = p̂DG

g(
pDG
g

)2
+
(
qDG
g

)2 ≤ (s̄DG
g

)2
 , ∀g ∈ NDG (2.1b)

(c) Active power control (APC) at unity power factor:

RDG
g (p̂DG

g ) =

{(
pDG
g , qDG

g

)
∈ R2

∣∣∣∣∣ 0 ≤ pDG
g ≤ min

{
p̂DG
g , s̄DG

}
qDG
g = 0

}
, ∀g ∈ NDG (2.1c)

(d) Optimal inverter dispatch (OID) with constrained minimum power factor:

RDG
g (p̂DG

g ) =


(
pDG
g , qDG

g

)
∈ R2

∣∣∣∣∣∣∣∣∣
0 ≤ pDG

g ≤ p̂DG
g(

pDG
g

)2
+
(
qDG
g

)2 ≤ (s̄DG
g

)2∣∣qDG
g

∣∣ ≤ tan
(
θ̄g
)
pDG
g

 , ∀g ∈ NDG (2.1d)

where NDG ⊆ N is the set of buses with a DG, while θ̄g is the limit of the power factor angle on
(2.1d). In the set of equations that model the operation, the impact of uncertainty in the model
is made explicit. The bound on DGs’ active and reactive power output is subject to uncertainty.
Note that (2.1d) defines a tractable cone, i.e., a direct product of half–spaces and second–order
cones. Therefore, it is suitable for second-order cone programming (SOCP) optimization models.
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2.2.3 Distributed control using DER

The integration of DER into distribution networks poses a major challenge: to efficiently manage
resources with inherent uncertainties to ensure system reliability, stability and efficiency, while
maximizing the benefits offered by these resources [24]. Effective DER control and management
strategies are essential to meet this challenge, enabling the use of resources to be optimized to
ensure that overall system performance meets desired objectives. The literature highlights multiple
options for designing operational policies for DER integration, with droop control emerging as a
particularly notable strategy, as highlighted in Figure 2.4.

Distribution Network

Communication

Network

Controller Controller

Other
Policies

Polynomial
Policies

Droop
Control

Controller

Figure 2.4: Example of an advanced multi-level voltage control strategy [24].

Also known as proportional control, this control structure is based on the concept of manipulating
a non-increasing continuous variable through a specific input. This manipulation is balanced by ad-
justing the shape of the droop policy. Its utilization spans various applications involving linear [6],
piecewise linear [8], and quadratic [25] functions. The classic example in the electrical engineering
realm involves managing systematic frequency through power fluctuation in the dispatch of gener-
ators [26]. On the same line, numerous droop control methodologies have been adopted to reach
primary control goals like stability and load sharing within microgrids [27]. Recent times have seen
the proposition of many droop control tactics aimed at achieving voltage regulation in microgrids
and ADNs, calling this strategy Volt/VAr control [4].

In this line, the IEEE 1547.8 Standard [8] endorses the implementation of droop control for dis-
patching DGs using fixed control policies that depend on the equipment characteristics to aid
voltage regulation in distribution networks by modifying the reactive power set–point of inverters
based on the local voltage deviation. On the one hand, this local approach is beneficial as it does
not require global information to adjust the control parameters. However, neglecting the overall
system’s information can lead to significantly sub–optimal operational performance, which in some
cases, can even become unstable with steep slopes of the control rules [28,29]. To incorporate global
attributes into the Volt/VAr control design, numerous studies employ heuristics [30–32], optimiza-
tion models [4,33], and associated control policies [5,6] to derive parameters that most accurately
represent and control the system’s dynamics within an operating window. In turn, understanding
the operation of the distribution system as a nonlinear and dynamic environment, other proposals
have resulted in assigning the definition of the functional form of control to algorithms based on
artificial intelligence [7, 34]. These nonlinear controllers, through latent variables encoding intelli-
gent agents, define the operating point to operate under optimal and feasible conditions using the
input attributes.
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2.2.4 Operation architecture
The management of resources and operation of distribution networks can be executed via various
architectures. These distinct frameworks vary in the degree of data utilization for decision-making
procedures and their level of independence concerning other constituents within the system [35].
Provided below is a concise exposition of topologies frequently identified within the literature,
attached at a schematic level in Figure 2.5.

(a) Centralized. (b) Hierarchical.

(c) Distributed. (d) Decentralized.

Figure 2.5: Operation architecture [35].

In general terms, these operating architectures have the following characteristics:

(a) Centralized operation architecture

In a centralized architecture, decision-making and control are concentrated in a central entity
or control center. This central authority has complete visibility and control over the network,
making decisions and issuing control commands to various components. This architecture
enables efficient coordination and optimization of network operations, allowing for centralized
monitoring, control, and management. However, it may need to be more resilient to failures
or bottlenecks at the central authority.

(b) Hierarchical operation architecture

A hierarchical architecture divides the operation into multiple levels, each with specific re-
sponsibilities and decision-making authority. Higher–level entities, such as a central control
center, oversee and coordinate the activities of lower–level entities, such as regional or local
control centers. This architecture allows for a balance between centralized control and decen-
tralized autonomy. It enables efficient coordination, scalability, and local decision–making
while maintaining overall system–wide coordination. In this architecture, there is still a need
for a centralized entity to monitor the overall performance of the system.

(c) Distributed operation architecture

In a distributed architecture, decision–making and control are distributed among multiple
geographically dispersed entities within the ADN. Each entity operates autonomously and
makes decisions based on local information and objectives, along with limited information
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provided by its neighbors. Communication and coordination among these entities are criti-
cal to achieving system-wide optimization and stability. Distributed architectures offer high
resilience, fault tolerance, and scalability but require sophisticated coordination and commu-
nication protocols.

(d) Decentralized operation architecture

In a decentralized architecture, decision–making and control authority is distributed among
multiple entities or components within the ADN. Each entity, such as a local or DER con-
troller, has a certain degree of autonomy and makes independent decisions based on local
information. Communication and coordination between these entities is nil. Decentralized
architectures provide flexibility, resilience, and adaptability to local conditions, but lacking
coordination mechanisms, they do not guarantee overall network performance.

Regardless of the operational architecture employed, the communication system is the fundamental
infrastructure for this type of architecture. It facilitates real–time monitoring, control actions,
fault detection, and system–wide coordination. An unwavering commitment to a dependable and
efficient communication system is of utmost importance in attaining ADN goals, including enhanced
reliability, efficiency, successful integration of DERs, and effective network operations management.

2.2.5 Communication network

Communication network refers to the infrastructure and protocols that facilitate data exchange
and coordination between various devices, systems and stakeholders in an operating environment.
In the context of ADNs, the communication network is a fundamental component for the active
management of the energy resources distributed throughout the system, since it enables the integra-
tion of monitoring, control and signal probing schemes that allow the development of sophisticated
control strategies and structures [36]. In Table 2.1, some technologies commonly used in the field
of power systems for the development of a communication network are presented.

Table 2.1: Communication techniques employed in the power system [36].

Technology Advantages Disadvantages

Power line
carrier

Communication function over
existing power lines; small
investment; wide coverage; Easy
installation and maintenance.

Narrow bandwidth; distribution
transformers will block the power
line carrier signal; three–phase
power lines have greater signal loss;
poor reliability.

Optical fiber
communication.

High reliability, anti–interference
ability, long communication
distance, high data bandwidth.

High construction cost; shunt
coupling inconvenience of
de-multiplexing and multiplexing;
incapable of transmit signals while
powering the equipment.

Wireless public
network

High reliability; simplifying the
communication network design and
debugging process for power
company.

Lower real–time data transmission
rate; the financial cost is closely
related to the amount of data
transmitted.

Micro power
wireless
networks

Easy installation and wiring; does
not depend on the network of
telecommunications operator, large
amount of network nodes, high
redundancy.

Short communication range; low
data transmission rate, high failure
rate of the single–point equipment.

Field bus
High anti–interference ability, high
reliability, providing real–time data
transmission.

Short communication range limited
to a single LAN.
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The technologies discussed are designed to enable seamless data exchange among smart meters,
utilities, and other stakeholders involved in managing distribution grid assets. By offering secure
and reliable communication channels, the network supports the effective operation of the ADN,
allowing for optimal grid management and the integration of renewable energy sources. Addition-
ally, the choice and implementation of specific architectural frameworks depend on the technology
type and the intended operational structure. The primary distinctions between these frameworks
are based on the hierarchy and interconnections among the involved parties.

2.2.6 Regulatory framework
A regulatory framework is defined as a set of policies and guidelines on the operation of a system
that ensure its efficiency, reliability and sustainability. In the context of ADNs, these guidelines
focus on facilitating the integration of DERs into the system, along with ensuring equitable access
to all market participants, maintaining grid stability and encouraging energy sharing. In addition,
they address issues related to data privacy, cybersecurity and interoperability standards to create a
transparent and competitive environment that benefits both utilities and consumers. Thus, below
are some definitions of the regulatory frameworks that underpin this proposal:

IEEE 1547.8 Standard

The IEEE 1547.8 standard delineates the intricacies of advanced controls and communication
methods for inverters that support the electrical grid, along with established best practices for
managing multiple inverters and microgrids. It provides leading-edge insights into the behavior
and interactions of DER groups with grid equipment, encompassing operational and safety aspects,
including unintentional islanding. The standard also covers the response of the interconnection
system to abnormal conditions and presents real-world application examples, such as cutting-
edge protection practices and advanced unintentional islanding methodologies. Adherence to the
practices stipulated in the IEEE 1547.8 standard should catalyze the evolution of sophisticated
hardware and software, facilitate their implementation acceptance, and ultimately contribute to
heightened penetration levels of DER.

IEC 61850 Standard

The IEC 61850 standard delineates communication protocols pertinent to intelligent electronic
devices stationed within and in between electrical substations. This specification encompasses
aspects of device communication such as data modeling, messaging, and network architecture. The
prescriptions within this standard are paramount to command and control systems employed across
electricity generation, transmission, distribution, and consumption. It fortifies interoperability,
reliability, and efficiency, concurrently enabling the incorporation of renewable energy sources and
distributed energy resources into the grid. Additionally, it stipulates cybersecurity prerequisites
pertinent to smart grids.

Communication protocols

The ADNs in modern power systems rely on various communication protocols to integrate and
manage DERs. Protocols such as MODBUS and DNP3 are commonly used for industrial and
utility-specific needs, while IEC 61850 and IEC 60870-5-104 are international standards for sub-
station automation and telecontrol [36]. Lightweight protocols like MQTT and CoAP are emerging
for IoT-based applications, and Zigbee is often used for home automation. OPC UA offers a ro-
bust, vendor-neutral option. The choice of protocol often depends on the specific needs of the
application, such as data rate, latency, and security.
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2.3 Optimal power flow
The optimal power flow problem (OPF) is a fundamental power system problem that consists of
finding the optimal generation dispatch among a set of generators in a power system. The objective
of the OPF is to minimize the total operating cost related to generation cost, system losses, and
quality of service while satisfying a set of operational constraints, such as power demand, technical
limits of voltage and capacity of transmission lines, and stability and security constraints. In turn,
this problem is integrated as a subproblem in many standard applications of electrical engineering,
such as economic dispatch, unit commitment, state estimation, stability evaluation, Volt/VAr
control, demand response, etc.

By the nature of the problem, the OPF is computationally complex and has been proven to be
NP–Hard in the general case, as demonstrated in [37] for a hardness proof based on a reduction
from an instance of the optimal power flow to a complex quadratic optimization problem. However,
practical applications of OPF require tractable and accurate representations of the problem. To this
end, many works leverage solution algorithms and approximations, including linear programming
(LP) approaches such as the conventional DC OPF [38], LinDistFlow [39], and first-order Taylor
(FOT) approximations [40], which provide more accurate results than DC OPF. Other approaches
apply semidefinite relaxations based on SOCP, proposed in [41] for radial networks, and semidefinite
programming (SDP), proposed in [42] for general networks.

2.3.1 OPF formulations

Figure 2.6: Notation sum-
mary for a directed network.

To solve the OPF, it is necessary to have a model of the AC power
flow equations that describes the steady state of the power system.
In [43], two alternative models are proposed for this purpose: the bus
injection model (BIM) and the branch flow model (BFM). We intro-
duce the following definitions to analyze these models and provide
some structural properties for both BIM and BFM. Considering that
an electrical network can be represented through a directed graph of
N+ nodes and E branches, such that G = (N+, E) and E ⊆ N+×N+,
it is possible to describe the interactions of the electrical system using
the following physical expressions:

˙
VAi
−

˙
Vi = zi

˙
Ii, ∀ i ∈ E (2.2a)

˙
Ii =

∑
j ∈Ci

˙
Ij , ∀ i ∈ N (2.2b)

˙
si =

˙
Vi
˙
IHi , ∀ i ∈ N (2.2c)

where (2.2a) corresponds to the application of Ohm’s law on each line, while (2.2b) and (2.2c) define
the current and power injection balances at each node. From these expressions, multiple definitions
of sets, parameters, and variables around node i are derived, which allows us to define the operation
of the network. The induced sets are denoted as N and Ci, and correspond to the set of nodes of
the system excluding the slack bus (N = N+\0), and the set of downstream neighboring members
that node i possesses. On the other hand, in the expression (2.2a), the attribute zi characterizes
the branch connecting node i with the one seen upstream, whose physical interpretation underlies
the line impedance. Similarly, in the expressions presented, two types of variables are used to
define the operating state of the network: those associated with the nodes, such as the voltage
at bus i (

˙
Vi), the voltage seen at i–bus upstream (

˙
VAi) and the complex power injected at bus i

(
˙
si); and those associated with each branch, these being the current (

˙
Ii) and complex power (

˙
Si)

flowing through the line connecting i–bus with the upstream bus. The explicit definition of the
variables and parameters of the system is shown in Figure 2.6.
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Bus injection model

Presenting as main drawback the Hermitian transpose, the canonical BIM poses the substitution
of this operator in the expression (2.2c) as follows:

˙
si =

∑
j∈Ni

˙
Vi

(
˙
Vi −

˙
Vj

zi

)∗

, ∀ i ∈ N (2.3)

where Ni is the vector of nodes neighboring node i, such that Ni = Ci∪{Ai}. The reinterpretation
used in the BIM model eliminates the complex transposition on the vector

˙
Ii to calculate the power

injected in member i, replacing it with a summation over the line powers. The optimization model
that defines the operation of the system is thus defined as follows:

minimize
x

f(x), (2.4a)

subject to
¯
si ≤

∑
j∈Ni

˙
Vi

(
˙
Vi −

˙
Vj

zi

)∗

≤ s̄i, ∀i ∈ N+ (2.4b)

¯
Vi ≤ |

˙
Vi| ≤ V̄i, ∀i ∈ N+ (2.4c)

where f(·) is the cost function, expressed as a function of the vector of decision variables x = [
˙
V]⊤.

The parameters
¯
s and s̄ represent the power injection limits at each bus, while

¯
V and V̄ represent

the vector of limits on the magnitude of the voltage.

Branch flow model

Based on the characteristics of a directed graph, the BFM reformulates the expressions (2.2) by
injecting power into a simplified equivalent, as follows:∑

j ∈Ci
˙
Sj =

˙
si +

˙
Si − zi|

˙
Ii|2, ∀i ∈ N (2.5a)

˙
VAi
−

˙
Vi = zi

˙
Ii, ∀i ∈ E (2.5b)

˙
Si =

˙
VAi

˙
I∗i . ∀i ∈ E (2.5c)

In contrast to the approach used in (2.2), (2.5) relies on line flows to define the other state variables
that support the operation of the system. This allows to rewrite the operation problem as follows:

minimize
x

f(x), (2.6a)

subject to (2.5a), (2.5b), (2.5c), (2.6b)

¯
si ≤

˙
si ≤ s̄i, ∀i ∈ N+ (2.6c)

¯
Vi ≤ |

˙
Vi| ≤ V̄i, ∀i ∈ N+ (2.6d)

where the vector of decision variables x = [
˙
S,

˙
I,

˙
V,

˙
s]⊤. In addition, the cost function f(·) is

written in terms of the decision variables of the optimization problem.

Equivalence between BIM and BFM

Although the BIM and the BFM are defined by different sets of equations in terms of their own
variables, both are models that support their formulation with Kirchhoff’s law for the same electri-
cal network. Thus, it is posited that these power grid modelings are equivalent if there is a bijection
between their solution sets. This relationship is demonstrated in [44], where the authors formally
establish the procedure that links the expressions of both models in both directions. Roughly
speaking, if we consider the definitions (2.5b) and (2.5c) provided by the BIM, it is possible to
manipulate them to reconstruct the expression (2.3), and thus obtain the BFM. Conversely, by
eliminating

˙
Ii and

˙
Si in (2.5) we obtain the BIM from the BFM.
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2.3.2 OPF convex relaxations

Figure 2.7: Notation summary
for a directed network with convex
relaxation.

The use of convex relaxations to solve OPFs offers significant
advantages. By obtaining a feasible solution in the convex do-
main, it represents a global optimum for the OPF. If the so-
lution is infeasible, it establishes an infeasible lower bound for
the original domain [45]. This duality leads to consider the ac-
curacy, efficiency and stability of these methods. High–quality
convex relaxations are desirable because the OPF appears as a
sub–problem of more complex optimal control problems [3]. For
this reason, recent attention has been given to SDP and SOCP
relaxations.

The SOCP relaxations are practical for OPF, providing high accuracy especially in radial networks
[46] using both BIM and BFM methods, with BFM being more stable [43]. However, SOCP
does not guarantee accuracy when voltage upper limits are linked to optimality [47], which poses
problems in high solar radiation scenarios where voltage increases with power injections. For this
reason we chose linear models for the development of this proposal. However, the convex relaxation
of the BFM that supports the development of one of the linearized models used in the proposal is
developed below. ∑

k∈Ci

Pk = pi + Pi − riℓi, ∀i ∈ N (2.7a)

∑
k∈Ci

Qk = qi +Qi − xiℓi, ∀i ∈ N (2.7b)

vi = vAi
− 2riPi − 2xiQi −

(
r2i + x2i

)
ℓi, ∀i ∈ E (2.7c)

vAiℓi ≥ P 2
i +Q2

i . ∀i ∈ E (2.7d)

Known as DistFlow [48], this formulation uses as auxiliary variables the quadratic magnitudes
of voltage (vi = |

˙
Vi|2) and current (ℓi = |

˙
Ii|2) to efficiently decompose the power flows per line

and power injection per bus into their active and reactive parts. Therefore, by employing the
quadratic variables it is possible to decompose the power balance expression (2.5a) into its active
and reactive part, described in (2.7a) and (2.7b) respectively. In the same way, Ohm’s law applied
on the line impedance is rewritten through the relationships of active power with the resistance,
reactive power with the reactance and quadratic current with the impedance, as shown in (2.7c).
Finally, the expression (2.5c) defining the power flows is convexized by means of the rotated Lorentz
cone, giving rise to the expression (2.7d). The development of this procedure is presented explicitly
in [49]. The convexification of the solution space thus brings with it new notations of variables and
parameters which are presented in Figure 2.7. As a result of this relaxation, the SOCP optimization
problem seen below is obtained:

minimize
x

f(x) (2.8a)

subject to (2.7a), (2.7b), (2.7c), (2.7d), (2.8b)

P 2
i +Q2

i ≤ S̄2
i , ∀i ∈ E (2.8c)

¯
V 2
i ≤ vi ≤ V̄ 2

i , ∀i ∈ N+ (2.8d)

where, instead of limiting the power injected into each bus, the power flowing through the lines
is limited with its maximum admissible value, denoted as S̄i. While working with the quadratic
magnitude of the voltage as a decision variable, the constraint (2.8d) uses the nominal voltage
limits in a quadratic way. Furthermore, as in the previous models, the objective function f(·) still
captures the operating costs in terms of the decision variables x = [P,Q, ℓ,v,p,q]⊤.
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2.3.3 Linear models for radial networks
Generalizing the conception of linear models in distribution networks, it is introduced and consid-
ered that F : R2n → Rn such that the solution of

v = F(p,q), (2.9)

where for each pair (p,q) there exists a single v satisfying the conditions (2.3). This allows us to
assume that the existence and uniqueness conditions are satisfied and we focus on the construction
of linear approximations of (2.9) for radial networks, such that

v = Bu+m, (2.10)

where u := [p,q ]⊤ and the column vector m represents an intercept.

LinDistFlow (LDF)

Being the linearization of formulation (2.7), the LinDistFlow model [39] considers line currents
negligible, which redefines the quadratic BFM as:∑

k∈Ci

Pk = pi + Pi, ∀i ∈ N (2.11a)

∑
k∈Ci

Qk = qi +Qi, ∀i ∈ N (2.11b)

vi = vAi
− 2riPi − 2xiQi. ∀i ∈ E (2.11c)

By eliminating the current ratios, the resulting formulation consists only of linear active and reac-
tive power balance ratios at the nodes and the voltage drop across the feeder. This suggests that
(2.11) has a compact formulation. Let Â := [a0 A ] ∈ R|N |×(|N |+1) be the element to node inci-
dence matrix, where a0 is its first column, and A ∈ R|N |×|N| the bus incidence matrix. Therefore

p = A⊤P, (2.12a)

q = A⊤Q, (2.12b)

Av + v0a0 = diag(r)P+ diag(x)Q. (2.12c)

The variable v0 corresponds to the quadratic magnitude of the utility voltage. Taken to the
functional form described in (2.10), we define F := A−1, such that we obtain:

Fa0 + 1 = 0. (2.13)

Using this definition the problem can be rewritten as:

v = v01+Rp+Xq, (2.14)

where matrices R := Fdiag(r)F⊤ and X := Fdiag(x)F⊤ are symmetric positive definite and have
positive entries [50]. Then we write (2.14) in compact matrix form becoming

v =
[
R X

] [ p
q

]
+ v01. (2.15)

Now set B = [R, X ] and m = v01 and we obtain a linear model as (2.12).
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2.4 Artificial neural network

The ANNs are computational models inspired by neurons in the brain, designed to recognize
patterns, make decisions and solve complex problems. Composed of interconnected neurons, ANNs
process information using statistical and mathematical methods. Neurons receive inputs, produce
outputs encoded by nonlinear activation functions, and transmit them to other neurons, as shown
in Figure 2.8. The strength of the connection between neurons, known as the weight, determines the
degree of influence of one neuron on another and is adjusted during learning to improve accuracy
on the designated task. In recent decades, neural networks have become vital in machine learning,
excelling in the fields of image processing [51, 52] and language [53, 54], and, more recently, in
the modeling and simulation of physical systems, thanks to its ability to handle complex, high-
dimensional data, common in science and engineering.
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Figure 2.8: Conceptualization of a ANN. On the left are the possible input sources, in the center the ANN
composed of non-linear relationships between layers, and on the right the possible tasks it can perform.

In recent years, PINNs have been a breakthrough in solving nonlinear systems, especially those
governed by partial differential equations (PDEs) [9, 55, 56]. PINNs integrate the physical laws
governing over the system directly into the learning process of the neural network by incorporating
them into the loss function of the network. This allows PINNs to solve both forward and inverse
problems efficiently, even in cases where traditional numerical methods may struggle due to high
dimensionality or the need for fine discretization [57,58]. Moreover, the combination of PINNs with
optimization frameworks, such as the KKT conditions, enables a more comprehensive approach
to solving constrained optimization problems [59–65]. By incorporating KKT conditions into the
training process, PINNs guarantee optimality conditions on neural network performance, providing
a robust tool for tackling problems with high dimensionality and low uncertainty.

While PINNs offer significant advantages over traditional optimization methods, especially in han-
dling nonlinear systems and high-dimensional problems, they also come with certain disadvantages.
One of the key benefits of PINNs is their ability to integrate uncertainty directly into the modeling
process, allowing for more flexible and adaptive solutions under varying conditions [66]. This is
particularly valuable in fields like energy management, where optimal operation must account for
uncertainties such as fluctuating demand and supply. However, neural networks, including PINNs,
often require substantial computational resources and large datasets for effective training, which
can be a limitation in practice [67]. Moreover, in general terms, the interpretability of neural
network models is often less intuitive compared to classical optimization methods, which are often
more straightforward in terms of their mathematical formulation and solution space [68,69]. Given
this background, one of the objectives of this proposal is the development of an intelligent agent
based on ANN that integrates physical components for its interpretability in its conception and
action, in addition to being efficient and robust in the face of system uncertainty.
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2.4.1 Artificial neural network structures
ANNs are versatile computational models that can be configured in various ways depending on the
specific requirements of a given application. The structure of these networks directly impacts their
performance and suitability for different tasks, such as image processing, time-series prediction,
among others. In this section, we will provide a comprehensive overview of three widely used neural
network architectures: dense neural networks (DNN), also known as fully connected networks;
convolutional neural networks (CNNs), which are particularly effective in image and spatial data
analysis; and temporal convolutional networks (TCNs), specialized for sequence modeling and
temporal data. Knowing the characteristics and applications of these architectures will allow us
to discern their contributions to the design of the agent used in this proposal.

Dense neural network

Being the most fundamental type of neural network architecture, DNNs have a design and concep-
tion inspired by the functioning of the human brain, seeking to emulate the interaction between
biological neurons to perform a given task [70]. Its functional structure is organized by stacking
layers composed of neurons, where each neuron of a layer is connected to all the neurons of the
previous and following layers, as shown in Figure 2.9.

(b) Forward pass calculation (a) Structure

Input

layer

Hidden layer

Output

layer
Neuron 

Figure 2.9: Dense neural network conceptualization.

Thus the computation of the output signal of any n neuron is defined by the weighted signals
received from the previous layer together with the nonlinear activation that defines the neuron’s
performance. The generalization of this procedure at the layer level is described below:

z = σ(θ · x+ ϑ⊤), (2.16)

where θ represents the matrix of interconnection weights between the two layers, ϑ denotes the
bias vector of the preceding layer; σ(·) the nonlinear activation function; x and z are the input
and output vectors associated with the current layer, respectively. This interconnected structure
of nonlinear activations allows DNNs to learn complex data patterns by adjusting the weights
between layers, similar to how neurons in the brain strengthen or weaken their connections in
response to stimuli. In machine learning, the process associated with adjusting weights is known
as error backpropagation–based training, which traditionally uses stochastic gradient descent to
formulate: θ

ϑ

←
θ
ϑ

− η
x⊤∇zf

loss(z)⊙ σ′(z)

∇zf
loss(z)⊙ σ′(z)

 , (2.17)

where f loss(·) represents a generic loss function, and η is learning rate. This training method is not
limited to DNNs alone, but is a generalized approach applicable to virtually any neural network
architecture [71]. This versatility underscores the robustness and adaptability of back–propagation
as a fundamental technique in deep learning, making it a cornerstone of modern ANN training in
a wide range of applications.
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Convolutional neural network

CNNs are a class of ANNs designed on the basis of the matrix convolution principle, whose appli-
cation has been extended to handle data with spatial hierarchies, such as images and videos [72].
Unlike DNNs, CNNs use kernels associated with channels to perform matrix convolutions on the
input data. These channels are usually several, such that their kernels are designed and trained to
identify different types of latent patterns and features [73]. The mathematical procedure behind
this type of architecture is shown in Figure 2.10.
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Figure 2.10: Convolutional neural network conceptualization.

Using the graphical scheme in Figure 2.10, for any indexing (i, j), the matrix Q resulting from the
convolution between the input data submatrix x̃ and the kernel interconnecting two layers θ is:

QM,N =


xi,j xi,j+1 · · · xi,j+N

xi+1,j xi+1,j+1 · · · xi+1,j+N

...
...

. . .
...

xi+M,j xi+M,j+1 · · · xi+M,j+N


︸ ︷︷ ︸

x̃

⊙


θ1,1 θ1,2 · · · θ1,N

θ2,1 θ2,2 · · · θ2,N
...

...
. . .

...
θM,1 θM,2 · · · θM,N


︸ ︷︷ ︸

θ

. (2.18)

Note that, in order to unify the notation with the definition of the different topologies, the paper
will use the variable θ to define the adjustable weights interconnecting two layers.

The convolutional matrix is a sub–matrix of the input matrix x such that x̃ ⊂ x. In this sense, the
dimensions of the input matrix x are arbitrary, being represented by I × J . The dimension of this
sub-.matrix depends on the dimension given for the kernel, being N ×M for the presented case.
Similarly, the resulting matrix dimension depends on the handling of the boundary conditions of
the sub–matrix, which are usually associated with the padding or not of the convolution matrix [74].
Under these guidelines, the performance of a CNN layer can be understood as:

zi,j = σ

(
M∑
m

N∑
n

Qm,n + ϑ

)
, (2.19)

where ϑ is the bias of the interconnection of between two layers. The result of the convolution, in
this case two-dimensional, complying with the dimensions of the input matrix. This allows us to
establish that the structure of the resulting vector is given by:

z =



z1,1 · · · z1,j · · · z1,N
...

. . .
...

. . .
...

zi,1 · · · zi,j · · · zi,N
...

. . .
...

. . .
...

zM,1 · · · zM,j · · · zM,N

 , (2.20)
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It should be noted that in a CNN structure, the procedure described in (2.19) is sequential in
nature, since as the structure is deepened, the data processing uses the results of the previous
layer. Moreover, that for the case under study, the dimension of z is worked to be equal to x, but
with a proper manipulation of the matrix operations that compose the expression (2.18), reductions
or increases in dimensionality of the output sample of each layer can be realized, which is widely
used for decision making and training strategy designs of this type of ANN [75].

Temporal convolutional network

Based on the principles underpinning CNNs, the TCNs offer a robust alternative to recurrent
neural networks (RNNs) for sequence modeling, using one-dimensional convolutions to effectively
capture sequential dependencies [76]. Unlike RNNs, which process data sequentially and are prone
to problems with information forgetting due to vanishing gradients, TCNs handle sequences in
parallel, improving both training efficiency and model performance [77]. Parallel processing is
achieved by means of causal convolutions supported by dilation’s performed on the input data, as
exemplified in Figure 2.11.
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Figure 2.11: Temporal convolutional network conceptualization [76].

The key to the effectiveness of TCNs lies in their use of causal convolutions, which ensure that the
output at any time the output of each layer is influenced only by past and present inputs. This
causal relationship can be formally expressed using the transform exposed for the definition of T,

T =


x1 x2 . . . xN

x2 x3 . . . xN+1

...
...

. . .
...

xM−N xM−N+1 . . . xxM

 , (2.21)

such that the computation of a convolutional layer is defined as,

z = σ (T · θ + ϑ) , (2.22)

where x is the input vector defining the context window of dimensions M×1, while θ and ϑ are the
one-dimensional kernel and bias of a channel interconnecting two layers of a TCN. In this matrix
representation, T captures the causal nature in which future data do not influence past outputs.
This translates to T being of (M − N) × N dimensions. The representation (2.22) corresponds
to the computation of only one of the layers composing the TCN structure, with this procedure
being repeated on the processed vector of the previous layer as the depth of the TCN structure is
advanced.
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Enhancing this configuration, dilation in the causal convolutions introduces jumps or gaps in the
filter application, as seen below:

Td =


x1 x1+d . . . xN ·d
x2 x2+d . . . x1+N ·d
...

...
. . .

...
xM−N ·d xM−(N−1)d . . . xM

 . (2.23)

This alteration expands the convolutional kernel’s reach across the input vector without increasing
the number of parameters, thereby allowing the network to capture longer-range dependencies
more effectively [78]. The dilation factor d, increases as one advances in the depth of the structure,
such that it follows a dilation basis D as seen in Figure 2.11. The combination of causal structure
and dilation in TCNs thus balances computational efficiency with a deep temporal understanding,
essential for complex sequence analyses.

2.4.2 Advanced techniques in neural network training
Training a neural network is the foundational process by which a model learns to map inputs to
desired outputs by adjusting its internal parameters, usually weights and biases, through iterative
optimization. The training process consists of feeding the model’s performance to the design
objectives, using for this purpose iterative algorithms such as error back–propagation. This error,
measured by a loss function, quantifies the distance between model predictions and reality. In this
sense, the definition of this loss function is paramount to the performance of the model once trained,
as it directly influences how well the model captures the underlying patterns in the data [79]. A
well-chosen loss function ensures that the model optimizes towards the most relevant features and
objectives, while an inadequate one may lead to poor generalization or convergence to suboptimal
solutions.

Several advanced methodologies have emerged in the recent literature to improve traditional neu-
ral network training. Physics-informed machine learning (PIMLs), for example, integrate physical
laws-such as differential equations-directly into the solving of the machine learning algorithm [80],
improving model accuracy by guiding the learning process toward physically consistent and mean-
ingful solutions [9]. PIMLs ensure that predictions remain based on the physical principles govern-
ing the system, which is critical for applications in scientific computing and engineering simulations.
In addition, optimization-based techniques, such as regularization mechanisms and hot-start trans-
fer learning, offer effective ways to train neural networks. Regularization mechanisms promote the
principle of parsimony for the trained model [81]. While transfer learning, combined with warm
bootstrapping, accelerates learning by leveraging knowledge from previously trained models, which
improves performance on new but related tasks [82]. These approaches significantly improve train-
ing efficiency, especially in complex or data-limited scenarios, enabling faster and more robust
convergence in the face of uncertainty.

Physics-informed machine learning

Physical science problems often involve data-intensive tasks such as spatiotemporal data modeling,
causal reasoning, computer vision, and probabilistic inference. ML has shown significant success
in addressing these challenges, leading to increased interest in applying ML to advance scientific
discovery in physics [83]. Physics-informed machine learning (PIML) combines the predictive
power of ML with the explanatory strength of physics by integrating knowledge of the underlying
physical processes into model design and parameter setting. This approach offers greater flexibility,
generalizability, and computational efficiency compared to traditional numerical or purely physics-
based methods, while maintaining physical plausibility [84]. By embedding physical laws into
the learning process, PIML enhances interpretability, robustness, and generalization, enabling
more accurate predictions and providing deeper insights into the physical mechanisms driving the
system.
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Figure 2.12: Physics-informed neural networks [9].

Building on the strengths of PIML, PINNs extend this concept by integrating the physics of the
operating environment directly into ANNs [55]. PINNs incorporate physical laws, often expressed
as PDEs, into the network’s architecture by embedding these equations into the loss function
during training [56]. This ensures that the learned solution not only minimizes prediction error
but also adheres to the known physics of the system, as depicted in Figure 2.12. By leveraging
the underlying physical model, PINNs can operate effectively with limited or even unsupervised
data, reducing the need for large datasets [9]. This makes them especially useful in fields where
system dynamics are well understood and can be mathematically modeled, such as engineering,
fluid dynamics, and climate science. As a key extension of the PIML framework, PINNs combine
the flexibility of neural networks with the explanatory power of physics, offering a powerful tool
for tackling complex scientific and engineering problems.
There are two main methods for integrating physics principles into ANNs. These approaches differ
in how they incorporate physics into the model, either through the design of the network itself or
by incorporating expressions that complement the training process. These two key strategies for
integrating physics into ANNs are described below.

• Integration of physics into the ANN design. This method integrates physics principles
directly into the ANN architecture, customizing it for specific applications. For example,
studies such as [85–88] focus on incorporating time- and space-based dynamics within the
neural network structure. By taking into account how the system behaves over time and
in different spatial dimensions, these designs ensure that the network better matches the
physical behavior of the system in the real world. This approach improves the accuracy and
predictive capability of the model by creating a more physically representative framework.

• Integration of physics in training through the loss function. The second approach
integrates physical laws into the training process through the loss function. By generating
complementary expressions, the physical delineations governing the behavior of the system
are introduced. Traditionally, this method is linked to systems whose physical description
can be realized with the PDEs [55]„ where terms representing the residuals of the differential
equations are added to the loss function to ensure that the model predictions comply with
the known physical laws [56], as seen in Figure 2.12. Recent literature has extended this
approach, linking it to optimization problems [89]. In particular, through the use of KKT
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conditions, optimization concepts such as constraints and objectives have been adapted in
the ANN training process, thus offering a new working paradigm to address the efficient
operation of systems under constraints [10,90,91]. Starting from the generalized formulation
presented in [92] for the KKT conditions, the following describes the reinterpretation of these
conditions for their use in the training of an ANN. Let be the following optimization problem:

minimize
x∈X⊆Rn

f(x), (2.24a)

subject to gi(x) = 0, ∀i = 1, . . . ,m (2.24b)
hj(x) ≤ 0, ∀j = 1, . . . , n (2.24c)

where the decision variable x is contained in the feasible solution region X ⊆ Rn, while
f(·), g(·) and h(·) correspond to the objective function, equality conditions and inequality
conditions, respectively. If these functions are considered as differentiable, the Lagrangian
defining the optimality conditions is:

f∇ (x,µ,ν) = ∇xf(x) +

m∑
i=1

µi∇xgi(x) +

n∑
i=1

νi∇xhi(x), (2.25)

where the vectors µ and ν are the dual variables associated with the equality and inequality
constraints, respectively. Under this set of definitions, the following optimality conditions
are established:

gi(x
∗) = 0, i = 1, . . . ,m (2.26a)

hi(x
∗) ≤ 0, i = 1, . . . , n (2.26b)
νi ≥ 0, i = 1, . . . , n (2.26c)

νihi(x
∗) = 0, i = 1, . . . , n (2.26d)

∇xf(x
∗) +

m∑
i=1

µ∗
i∇xgi(x

∗) +

n∑
i=1

µ∗
i∇xhi(x

∗) = 0. (2.26e)

The set of expressions (2.26) corresponds to the KKT conditions, where x∗ is the optimal
value that the decision variables can take. The expressions (2.26a) and (2.26b) represent the
primal conditions of the problem, and evaluate that the solution is feasible given the original
problem constraints. While expressions (2.26c) and (2.26d) ensure the dual feasibility and
complementary slack of the Lagrange multipliers associated with the inequality constraints.
The former restricts the Lagrange multipliers to strictly positive values, while the latter sets
their values to zero if the constraint is active. Finally, the expression (2.26a) ensures that the
gradient of the Lagrangian function with respect to the decision variables is zero. Adapting
these functional forms, the authors of [89] propose the following reformulation for integration
into the loss function:

fss (x, µ, ν) =
∑
x∈x

∣∣∣∣∣ ∂∂xf(x) +
m∑
i=1

µi
∂

∂x
gi(x) +

n∑
i=1

νi
∂

∂x
hi(x)

∣∣∣∣∣ , (2.27a)

fslk (x, ν) =

n∑
i=1

|νihi(x)| , (2.27b)

fprim (x) =

m∑
i=1

max {0, gi(x)}+
n∑

i=1

|hi(x)| . (2.27c)

This reinterpretation is based on the minimization of the residuals generated by the expres-
sions defending the KKT conditions. In the case where the condition is strictly equal to zero,
we seek to minimize the absolute value, while in the cases of inequality, we penalize when
this is not satisfied. This allows a more structured and mathematically grounded adjustment
of the loss function, making the training process more aligned with the specific needs of the
system under analysis.
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These two approaches often complement each other and are widely used to improve the efficiency
and accuracy of neural network training [93]. Proof of this is provided in [94], where the quantitative
improvements generated by the integration of physics into ANNs are exemplified. In the example
developed, shown in Figure 2.13, the differences between conventional training and PINNs are
depicted. In the former case, neural networks can produce accurate solutions with generalization
problems due to overfitting to the available data. In contrast, PINNs are able to integrate the
physical laws governing the system into their performance, significantly improving the accuracy
of predictions and effectively managing complex systems. This approach shifts the paradigm
from viewing neural networks as black boxes to a more transparent process based on formalized
mathematical principles.
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Figure 2.13: Comparison between ANNs and PINNs in the training process [94].

Regularization

Regularization is a crucial technique in statistical modeling and machine learning, grounded in the
principle of parsimony, which advocates for simpler models with fewer parameters [95]. According
to this principle, models with fewer parameters are favored when they achieve similar predictive
accuracy, as they tend to be more interpretable, less prone to overfitting, and more likely to
generalize well to new data. In complex models like neural networks, regularization is essential for
controlling model complexity by penalizing large or unnecessary parameters, allowing the model to
capture only the most relevant patterns in the data [96]. Classical regularization methods include
Lasso and Ridge regularization, both of which impose penalties on the magnitudes of the model’s
parameters. Lasso regularization, or L1–regularization, imposes a penalty on the absolute values
of the parameters, which encourages sparsity by driving some weights to exactly zero, effectively
selecting a subset of features. The Lasso loss function is expressed as:

fL1(z,Θ) = f loss(z) + λL
∑
θ∈Θ

|θ| (2.28)

where λL represents the penalty factor function, while Θ represents the set of trainable weights
of an ANN. The regularization term penalizes the absolute magnitude of the weights, causing the
model to zero out smaller weights while keeping larger, more impactful weights. In contrast, Ridge
regularization, or L2–regularization, adds a penalty proportional to the square of the parameters,
which shrinks large weights but generally retains all features.

27



The Ridge loss function is defined as:

fL2(z,Θ) = f loss(z) + λL
∑
θ∈Θ

θ2 (2.29)

The regularization term penalizes larger weights and controls the strength of the penalty. By
shrinking large weights toward zero, Ridge regularization reduces model complexity without en-
forcing sparsity, as all weights are reduced but not eliminated. In ANN, Ridge and Lasso regular-
ization serve as effective weight penalization techniques to control model complexity and enhance
generalization.

Transfer learning for warm-starting

Transfer learning is a technique in machine learning where a model trained on a large dataset
for one specific task is adapted to solve a different but related task [97]. Instead of starting the
learning process from scratch, the pre-trained model leverages the knowledge it gained from the
source task, which allows for faster training and reduces the amount of data required for the new
task. This is accomplished by fine-tuning only specific layers of the model, while the rest of the
network retains the information from the initial training [98]. Transfer learning is especially useful
in scenarios where large labeled datasets are not readily available for the target task or where
computational resources are constrained. In Reinforcement Learning, for example, transferable
knowledge can include expert policies, value functions, or learned dynamics, all of which can be
adapted to improve performance in new tasks [99]. The process of transferring knowledge must be
carefully aligned with the differences between the source and target domains to ensure successful
adaptation and enhanced efficiency [100].
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Figure 2.14: Conceptualization of transfer of learning for warm start.

A key application of transfer learning is its role in warm-starting models that operate in online,
real-world environments, where models need to continuously adapt to new data without retraining
from scratch, as depicted in Figure 2.14. In these scenarios, transfer learning enables models to
quickly adjust to evolving conditions by fine-tuning only a subset of parameters while retaining
most of the pre-learned knowledge [82, 101]. By providing a warm start, transfer learning allows
models to stay responsive, reduce downtime, and enhance sample efficiency compared to traditional
learning approaches [102, 103]. This seamless integration of new information ensures that models
maintain high performance while adapting to changes, making transfer learning an essential tool
for real-time, continuously evolving applications.
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Chapter 3

Methodology

This chapter focuses on the characterization of the problem addressed together
with the proposed solution approach. First of all, the framework considered is
presented as a starting point, demarcated by the interconnection between the
different layers of operation that make up the cyber-structure that supports the
operation of the ADN. Through the presentation of this cyber-structure, the el-
ements that make up each of the operating layers will be described and modeled
in detail, along with their linkage to the operating environment. This includes
the presentation of the modeling of the distribution system that supports the
integration of renewable energies in the system, the modeling of distributed
generators with their respective local operation policy, the stability conditions
that ensure the viability of the distributed operation of the system, operation
cost, among others.

As a second milestone, the discussion will lead to the methodological proposal
proposed as a solution to the exposed problem. In this sense, the main problem
to be addressed is the development of a methodology for a high performance
control tuning that ensures stability and optimality in the operation under un-
certainty. To this end, instead of employing a monolithic optimization model
that defines the parameters that compose the control policy, this proposal ad-
vocates the use of ML-based agents informed by system physics, to determine
the parameters that define the optimal set-points of the DGs. Based on this
premise, the integration mechanisms of the agent with the operating policies
and the operating environment will be presented. This includes from the design
criteria on which the construction of the agent and the database is based, to
the integration of the physical laws that govern the operation of the distribu-
tion system in the training of the model. This last point will establish the link
between the agent and the operation problem.

29



3.1 Problem statement

The objective of this proposal is to develop a control strategy for DGs to enhance performance
under uncertainty. To this end, it is imperative to establish the context over which the system
operation takes place. We assume an ADN with limited communication infrastructure and edge
devices with low computational capacity, causing delays in information exchange. As a result, the
control strategy must ensure real-time operation without relying on direct communication between
buses and devices, limiting available information and complexity on the control structure. However,
to achieve near-optimal operational performance it is necessary to have some kind of network-wide
information available. To this end, we will use the delineations introduced by [5] and include an
additional control layer that will update the parameters defining the control structure as system
uncertainty is partially revealed. This additional layer allows the development of sophisticated
models that capture and transmit the global optimality conditions to the local operation. The
configuration of the update intervals is designed to withstand the typical delays and transient
communication failures associated with the technologies employed for this task [104].
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Figure 3.1: Framework of an ADN.
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The schematic presented in Figure 3.1 captures the scope of the framework used for the of this pro-
posal. The diagram presents a framework consisting of three interconnected layers: infrastructure,
distributed edge resources, and centralized services. The first layer models the interactions between
various ADN components, including lines, demands, and DG. The second layer encompasses the
control elements interacting with edge resources, such as storage, computing, and other relevant
components. Within this layer, control systems make decisions that significantly impact overall
system performance. Finally, the third layer illustrates the centralized services, ranging from data
storage and management to server computing services and application development. This layered
conceptualization enables the development of sophisticated control strategies, as demonstrated in
the case study.

Edge devices play a key role in this framework. They act as computing nodes, which, in addition
to performing the necessary calculations to deploy local control strategies, ensure the secure and
transparent transfer of critical energy data through communication mechanisms, such as those
discussed in Table 2.1. For the development of the first task, each edge device hosts the particular
functional structure that defines the local control policies at the same time. Meanwhile, the
second task consists in transferring local uncertainties to the centralized system for global decision
making and receiving updated control commands. The joint action of these tasks allows to adapt
the global operational instructions to the local policies governing the optimal operation of the DGs.
The following sections develop in detail the modeling and design scopes of the proposed solution.

3.1.1 Active distribution network modeling
The delineations presented in Section 2.3 provide the foundation for constructing the model that
describes the operation of the ADN. Focusing on a radial network equipped with controlled DGs,
the scope of the model is defined by detailing the interactions between system elements. This
includes how the DGs will be represented, considering their operational behavior and control
mechanisms to ensure optimal and stable operation. Therefore, as a frame of reference we will
consider that the radial network can be described by means of an addressed graph of N+ nodes
and E branches, such that G = (N+, E) and E ⊆ N+ × N+. Under this reference, the subset of
nodes that has controlled DG is denoted as NDG, such that NDG ⊆ N+. Having established these
guidelines, we now proceed with the description of the discrete ADN operation.

Definition of discrete-time system states

As a first step, we have described the quasi-stationary modeling that defines the operation of the
system. For this we define the sub–index k associated to the discrete time of the simulation period;
such that the dynamics of the power system can be described in the following set of quasi–stationary
closed–loop equations:

xk = fAC(uk, ξ
L
k ), (3.1a)

ũk = f ctrl(xk−1, ξk−1), (3.1b)

uk = projR(ξk)
(ũk) , (3.1c)

xk ∈ R|N |,uk ∈ R2|NDG|, ξLk ∈ R2|N |, ξk ∈ R2|N |+|NDG|.

In this context, xk, uk, and ξLk represent the deviations of the voltage magnitude, the discrete-time
control actions, and the uncertainty associated with the system power demand, respectively. The
voltage magnitude deviations are understood as the difference between the measurement vk and
the set–point value v̄ established for the operating window, i.e., xk = vk − v̄. The control actions
correspond to the adjustments made by the local controller to modify the operating set–point and
minimize the impact of uncertainty on the system.
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The dispatch of the DGs is defined as the sum of the nominal set–point for active and reactive
power, ūk := [p̄DG

k q̄DG
k ]⊤, and the intervention from the local controller, ∆uk := [∆pDG

k ∆qDG
k ]⊤.

Therefore, the total dispatched power is given by

p̃DG
k = p̄DG

k +∆pDG
k , (3.2a)

q̃DG
k = q̄DG

k +∆qDG
k . (3.2b)

Together they form the vector ũk := [p̃DG
k q̃DG

k ]⊤. The uncertainty associated with power demand,
including both active and reactive components, is denoted by ξLk := [pL

k q
L
k ]

⊤. To account for
renewable energy integration, the overall system uncertainty is extended to include the variability
of renewable generation, such that ξk := [ξLk p̂

DG
k ]⊤.

This comprehensive definition of parameters allows for a clear interpretation of the equations
governing the system. Equation (3.1) provides the fundamental control framework, linking the
system state x, control actions u, and uncertainty ξ. The plant’s dynamics are captured in (3.1a),
which models the nonlinear alternating current (AC) power flow equations for balanced systems.
In (3.1b) and (3.1c), the control actions are computed and projected onto the feasible operating
region of the system. Under the assumption of mild conditions as stated in [40], we ensure that
for every combination of control actions u and uncertainty ξ, there exists a unique system state
x, allowing us to reformulate the plant dynamics described by (3.1a). This formulation leads to
the development of a functional control policy, denoted as f ctrl(·), which calculates a vector of
reference control actions u. The structure of (3.1) simplifies the interpretation of the interactions
between x, u, and ξ, while incorporating uncertainty as a key factor influencing the control policy.
The importance of addressing uncertainty in this model is supported by the findings in [5], which
demonstrate its significant impact on DG dispatch performance.

Communication layer to the devices

Various configurations allow the development of control strategies for active management within a
ADN. Given the delimitation’s established at the beginning of this chapter, adding an additional
control layer for adjusting the parameters governing the local control structure makes it imperative
to develop mechanisms that facilitate efficient data management. This task is further constrained
by a limited communication infrastructure due to typical delays and transient communication fail-
ures [104]. Considering these factors, a centralized approach will be adopted, in which information
from the various operating nodes is communicated and collected to generate updated control set–
points asynchronously. These updated control parameters and set–points will be transmitted to
the local controllers using industry standard methods. A centralized entity with access to global
system information allows the implementation of advanced algorithms and models for parameter
assignment, such as data-driven approaches [5] or ML-based models, as proposed in this work.

According to the schematic in Figure 3.1, the development of this framework takes place between
the second and third layers, by means of edge devices with Internet access. The edge devices, in
addition to performing the local control actions that command the performance of the DGs, must
report as uncertainty is revealed, the local energetic data of interest to the centralized system. The
centralized computation along with the storage and management of system energy data is per-
formed on a single server computer service, with sufficient capacity for the resolution of ML-based
models informed by system physics and monolithic optimization problems.
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3.1.2 Operation of distributed generators

In the context of this proposal, precise modeling of DGs is critical to ensuring the quality and
stability of the system. Accurately capturing their operational behavior is imperative for the
effective integration of operating policies. The following key guidelines support the safe integration
of well-regulated DGs, beginning with the identification of their feasible operational region, the
definition of local operating policies, and the establishment of conditions that guarantee the global
stability of the system.

DGs feasible region

To simplify the mathematical notation, throughout the paper we have assumed at most one DG
controlled per bus. However, the presented approach can be generalized without much effort to
cases with more than one DG per bus. For each DG, we have delimited its feasible dispatch region
to the following representation:

RDG
g (p̂DG

g ) =

{(
pDG
g , qDG

g

)
∈ R2

∣∣∣∣∣ 0 ≤ pDG
g ≤ p̂DG

g(
pDG
g

)2
+
(
qDG
g

)2 ≤ (s̄DG
g

)2
}
. ∀g ∈ NDG (3.3)

Unlike (2.1d), the feasible region of the controlled DG is constrained only by the available active
power and the converter’s rated power. This definition simplifies the integration of DGs into the
operational framework, as the feasible dispatch region introduced by the DGs is formed by the
intersection of half-spaces and second–order cones, making it convex.

Local control policies

To take advantage of a systematic methodology for the design proposed in the previous section, it
is essential to limit f ctrl(·) to a specific class of functions. To achieve a balance between flexibility
and simplicity, the paper [5] proposes the following functional form.

f ctrl(x, ξ) = Gx+

d∑
j=1

DjΓ
j(ξ) , (3.4)

where the standardization used consists of

Γ (ξ) =
ξ − ξ̄H
σ (ξH)

. (3.5)

The matrices G and D0, . . . ,Dd comprise the control parameters, where the scaling function Γ(·)
normalizes the values of ξ using the historical expected value and standard deviation, denoted with
ξ̄H and σ(ξH). These control parameter matrices are block-structured as follows:

G =

GpG

GqG

 , Dj =

DpL→pG

j DqL→pG

j Dp̂G→pG

j

DpL→qG

j DqL→qG

j Dp̂G→qG

j

 , (3.6)

for j = 1, . . . , p, where each entry in (3.6) is an |N |×|N | diagonal matrix whose naming superscript
indicates the corresponding component–wise interactions between ξ → u. Compactly, we write
D = [D0, . . . ,Dp], and we refer to D as the matrix of polynomial policy parameters. The action
to be taken by each DG is given by:

ũ = ū+ f ctrl(x, ξ). (3.7)

The control structure considers the difference between the measured voltage v and the set–point
voltage v̄, together with the estimated set–point dispatch power ū for the temporary operation
window. As a result of this operation, the control system is provided with the ability to integrate
the newly revealed local uncertainty into the performance of each DG. This allows the system
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to mitigate the impact of the uncertainty on the optimal operation of the system with proper
parameter tuning. Finally, the control policy introduces a control action projection stage to ensure
that the control actions are valid. The use of this is made explicit in (3.1c), such that the following
operator is introduced

projRDG(ξ) (s) := argmin
r∈RDG(ξ)

(||r− s||22), (3.8)

which projects its argument to the set of feasible actuation RDG (ξ), the definition of which is
given by the following expression:

RDG(ξ) :=

NDG⋂
g

RDG
g (p̂DG

g ) (3.9)

By unifying the presented development, a compact and simplified structure is obtained that allows
defining an efficient and robust control policy in the face of uncertainty, being ideal for real–time
operation.

Stability conditions

Introducing operating policies that may modify the nominal dispatch of devices does not guarantee
system stability. As a result, one of the key constraints in the design phase is ensuring that local
actions do not compromise overall system stability. By employing the linear approximation of
power flow equations [40] and disregarding the projection (3.1c), the closed–loop dynamic system
can be defined as follows:

xk+1 = BGxk +B

d∑
j=1

DjΓ
j(ξk) +BξLk +m, (3.10)

where, following the presented development (2.15), B ∈ R|N |×2|N | and m ∈ R2|N | are known
systematic parameters associated with the distribution system. Note that in the linearized system,
the same reference system is used for the power injections and the uncertainty associated with the
requested demand. From the elementary control theory of discrete-time linear systems [105], the
exponential stability of (3.10) can be achieved by restricting the spectral radius of BG, such that:

ρ(BG) < 1. (3.11)
The set defined by (3.11) is convex and can be expressed as a linear matrix inequality which can
be handled by SDP. Adopting the assumptions of [5], it is assumed that the SOC approximation
on (3.11) is a sufficient condition for bounded input bounded state stability (BIBS):

||BG||F ≤ 1. (3.12)
This approach takes advantage of the fact that any vector-induced matrix norm serves as an upper
bound on the spectral radius, leading to a computationally efficient reformulation while maintaining
stability. In [6], the authors showed that, under mild assumptions, condition (3.12) is sufficient to
ensure BIBS of the nonlinear system (3.1) with a pure voltage droop controller. Assuming that
the polynomial and uncontrolled terms of the control policy remain bounded, the extension of the
stability results of [6] is ruled by:

||B
d∑

j=1

DjΓ
j(ξk) ||2 + ||BξLk +m||2 ≤M, (3.13)

where M ∈ R. Furthermore, we assume that the error between the linear approximation and the
nonlinear AC power flow model is bounded, i.e., there exists δ ∈ R such that:

||fAC(xk + ξLk )−B(xk + ξLk )−m||2 < δ, (3.14)

where δ is the error induced by the linear approximation of the AC power flow. With these
assumptions, it is straightforward to extend the stability proof of [6] to show that condition (3.12)
ensures BIBS stability of system (3.1) when D ̸= 0.
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3.1.3 System operating cost
The operational cost captures the total net power consumption and voltage violations across the
distribution network, expressed as:

f(x,u, ξ) := ζ(u, ξ) + λe(x) (3.15)

Here, ζ(u, ξ) denotes the net power supplied by the utility at the slack bus, e(x) represents voltage
violations, and λ is a positive scalar weighting factor. Instead of treating the utility’s power
injection as an independent variable, ζ(u, ξ) is expressed as the difference between system losses
and the net power injected by loads and DGs. Therefore,

ζ(u, ξ) = ϕ(u, ξL)− 1⊤
(
u+ ξL

)
(3.16)

where ϕ(u, ξL) represents system losses. In radial networks, these losses can be approximated using
a convex quadratic function:

ϕ(u, ξL) ≈
(
u+ ξL

)⊤
R̃
(
u+ ξL

)
(3.17)

Note that R̃ := diag(R,R) is a symmetric positive definite matrix with non–negative entries.
Finally, the voltage violation function is defined as

e(x) := ||(x̌− x)+||1 + ||(x− x̂)+||1 (3.18)

where x̌ and x̂ are the lower and upper bounds on x, respectively. This formulation only penalizes
voltage values outside the permissible operating range (e.g., ±5%). Under normal conditions, the
main objective is to minimize the total power consumption of the distribution network, but given
the context of the work it is necessary to consider voltage limit violations.

3.1.4 Optimal system operation
After defining the design conditions underlying the integration of an additional control layer to
determine the parameters defining the operating policy, the operating conditions of the system are
defined through the set of expressions (3.19).

ψ(G,D, ū, v̄, ξ) :=

u = ū+Gx+

d∑
j=1

DjΓ
j(ξ) , (3.19a)

x = v − v̄ (3.19b)

v = B(u+ ξL) +m, (3.19c)

u ∈ RDG(ξ) (3.19d)

Assuming known the parameters (G, D, ū, v̄) that guarantee the optimal operation under the
uncertainty ξ, the following optimization problem is established

minimize
y

f(x,u, ξL) (3.20a)

subject to y ∈ ψ(G,D, ū, v̄, ξ) (3.20b)

where y = [x, u]⊤ is the vector of optimized state variables under uncertainty ξ. The optimization
problem (3.20) measures the performance of the operation under uncertainty by integrating the
cost function as the objective to be minimized, subject to closed-loop control system equilibrium
conditions defined in (3.19a) to (3.19d). Note that, in the context that the operation problem
(3.20) is formulated, operation under uncertainty is defined as the performance of the control
policy under partially revealed uncertainty, emulating real-time operating conditions.
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3.2 Solution approach

Under the context provided at the beginning of the chapter, together with the mathematical
formulation that supports its conception, the development of an efficient and robust methodology
that allows adjusting the local control parameters to ensure the stability and optimality of the
system operation is still a pending task. The systematic presentation of the operating model
together with the operating conditions of the DGs allows discerning that the complexity of the
adjustment of local parameters arises from the uncertainty inherent to the operation of the DERs
and the need to continuously adapt to these changing conditions. In this sense, multiple works
in the literature have defined operational and technical frameworks to meet this challenge. We
highlight the contributions made in [5], which, in addition to proposing the operation policy used
in this proposal, offers a solution to this problem by dynamically managing uncertainty by means
of data-driven adaptive polyhedral uncertainty sets (DDUS), for the development of a robust
optimization model.

In this work, we propose a novel solution that addresses these challenges by developing an ML-based
agent capable of real-time adaptation of affine control policies. This agent integrates PINNs with
optimization techniques, guided by KKT conditions to ensure that the physical constraints of the
system are respected while optimizing performance. By combining PINNs with KKT conditions,
our approach not only improves the interpretability of the model, but also enhances its ability
to manage uncertainty more effectively and robustly. The following section develops in detail the
modeling of the agent, its integration with the operation and system policies, design considerations
that define its architecture, and the training methodology that incorporates the physical laws that
define the behavior of the ADN.

3.2.1 Integration of agent into operating policy

Once the application for which it is necessary to design the agent is known, its integration with the
operation framework is subject to the reception of asynchronous measurements from the system
nodes, and to the display of the operation parameters computed for the update of the local control
policies. Following these ideas, in Figure 3.2 the interaction of the agent with the system is
schematized.

Database

&

sample 

generator

Distribution

network

& converters

Control Tuning

Droop

Control

Polynomial

Policy

Centralized control Local control in real-time

Figure 3.2: Proposed control block diagram.

The presented schematic includes some preliminary design aspects to be commented. First, the
centralized control and local control actions are separated in real–time. The centralized control is
framed by the energy data management of the system, together with the availability of the agent
to perform the calculation of the parameters that define the local operation policies. On the other
hand, the local control refers to the provision, in each DG, of the control scheme that follows from
the control policy described in Section 3.1.2. The separation of tasks allows to discern how adding
an additional layer for parameter determination helps the development of sophisticated models to
capture and transmit the global optimality conditions to the local operation.
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Secondly, as part of the agent design, the input and output components of the agent are appreciated.
The agent input vector zH is constructed from historical measurements of variability of voltage
magnitude xH and historical uncertainty ξH, such that zH := [xH ξH]⊤ is provided. The scopes of
the definition of the input vector zH will be discussed in Section 3.2.2. As output the agent reports
the polynomial control parameters, droop control and the set–points of voltage and dispatched
power, respectively. The design scopes associated with the database and agent are discussed in the
following sections.

3.2.2 Database structure

Figure 3.3: Database update.

The management of energy data is a primary task in the context
of this work. The development of sophisticated models that cap-
ture and transmit global optimality conditions to local operating
environments is based on providing an overview of the system,
generally linked to measurements and historical records of the op-
erating status. In this sense, the scheme in Figure 3.2 integrates
into the centralized control actions this task, which is performed
by two fundamental components: a dynamic database and ad-
vanced scenario generators. The database serves as a repository
of historical energy measurements, where each entry consists of
both the uncertainty associated with power demand and gener-
ation at each bus and the corresponding voltage magnitudes. In
order to limit the computational resources allocated for its de-
velopment, the database maintains a fixed-length historical data
window at all times, which introduces the control parameter TS .
This ensures that the most relevant and recent information is always available for system analysis
and decision making, so that in each simulation window, the system automatically updates the
database by adding new data and removing an equivalent amount of the oldest data, as shown in
Figure 3.3. This mechanism ensures that the database is not overloaded with outdated information,
which could lead to inaccurate or ineffective operational decisions.

22222

UncertainHistorical

k -1dk -2dk -3dk -4dk -Nd+1k -Nd k k

(a) Sample
     generation

(b) Tensor configuration

Sample 1

Processed

variable

Tensor

Tensor

Tensor

2

Sample 2

Sample 

Figure 3.4: Scheme for sample generation. (a) Sample generation with temporal correlation based on daily
seasonality. (b) Stacking of information for the generation of data tensor. Each time series corresponds to
a row of the processed data stack.
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The database is complemented by the scenario generator compatible with the agent’s actions.
This entity performs the task of transforming the most recent data from the database into a
representative sample of the current state of the system, in order to make future decisions made
by the agent, which are reflected in the construction of the parameters that define local control
policies. In this sense, in this work we recognize that given the nature of the data that compose the
database, there are temporal correlations that allow us to establish a more sophisticated design
of the generated sample. In particular, the construction of each sample follows the guidelines
presented in the Figure 3.4, where the temporal composition of the information extracts seeks to
rescue the correlation with the previous instant and the daily seasonality that has a time series
of uncertainty [106]. For this purpose, the length of the context window N∆ is defined from the
length of the real-time control action window Nξ and the number of correlated days Nd, so that it
is satisfied:

N∆ = (2Nd + 1)Nξ, (3.21)

For a operating horizon T , such that t ∈ T := {0, 1, . . . , T}, each instant t is associated with
two complementary time intervals: the historical window and the uncertainty window. In this
document, we denote these intervals using the sub–index “H” and “U”, respectively. For simplicity,
we omit explicit references to their relationship with the operating instant under analysis. The
subindexH represents the context window provided to the agent, defined in accordance with h ∈ H,
such that H := {0, 1, . . . , N∆}. Similarly, the subindex U denotes the uncertainty window, whose
definition is also based on k ∈ U , such that U := {0, 1, . . . , Nξ}. The set of attributes provided as
input sample is contained in the set Z, such zH ∈ Z ×N ×H. This provides the generated sample
with two other fundamental properties for the generalization of the agent’s response: variability in

Historical
Data

Sample
generated

Figure 3.5: Composition of a
generated sample.

the energy attributes that characterize the system and a general-
ized view of the spatial distribution of the nodes. The variability
in the energetic attributes refers to the diversification of the time
series used for the construction of zH, such as active and reac-
tive power demand uncertainty, solar generation uncertainty and
voltage magnitude variability, respectively. While the generalized
view of the system is provided in the ordering of the time series
in the sample structure. The unification of these attributes with
the time component is represented in Figure 3.5, where the sample
data structure is referred to as a tensor. Hence, this data tensor
is characterized by three dimensions: spatial, characteristic and
temporal; linked to the cardinality of the set of buses |N |, number
of energetic attributes and contextualization window. This struc-
tured approach to data management and scenario generation allows
the system to continuously adapt to changing conditions and make
data–driven decisions that optimize overall performance.

3.2.3 Design criteria and agent structure
When designing an ML-based agent to determine the control parameters that define an adaptive
local operation policy, it is essential to take into account the dynamic nature of the task. The
agent must be able to periodically update the local controller parameters as uncertainty is re-
vealed, knowing how to effectively adapt to evolving operating conditions in order to maintain
system optimality. This objective in control operation presents a major design challenge, given the
complexity of the task and the nonlinearity of the operating environment in which it is performed.
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Figure 3.6: Structure of the ML–Agent.

Given the background developed in the previous sections, the architecture seen in Figure 3.6 is
proposed for the agent. The key aspects of this design will be defined below, starting with the
coding of the sample data, followed by the processing of the latent variables and concluding with
the configuration of the output layer responsible for parameter definition.

• Sample encoding: Having the first task of understanding the input data in a lower dimen-
sional latent representation, the agent employs a convolutional encoder as the first major
processing block. This encoder employs a series of convolutional layers that, with proper
Kernel handling, is designed to reduce the spatial and feature dimensionality of the input
tensor by extracting a vector that encapsulates the intrinsic features of the sample along the
temporal dimension. The underlying idea behind this design is presented below:

Q|N |,|Z|,k =



pL1,k qL1,k p̂DG
1,k x1,k

pL2,k qL2,k p̂DG
2,k x2,k

...
...

...
...

pL|N |,k qL|N |,k p̂DG
|N |,k x|N |,k


⊙



θp
L

1,k θq
L

1,k θp̂
DG

1,k θx1,k

θp
L

2,k θq
L

2,k θp̂
DG

2,k θx2,k

...
...

...
...

θp
L

|N |,k θq
L

|N |,k θp̂
DG

|N |,k θx|N |,k


,

∀k ∈ [h, . . . , h+NCNN
δ ],∀h ∈ H

(3.22)

Let h be any time instant belonging to the temporal dimension of the input tensor. The
encoding process is carried out by means of 3D convolutions that incorporate part of the
vencincity of the temporal measurements. This is achieved by designing the Kernel with
three dimensions: the number of sample features, the buses of the system, and the length
that defines this temporal neighborhood, given by the NCNN

δ parameter. Thus, by way of
explanation, in (3.22) we define the projection of the 3D convolution on a 2D convolution for
a time instate k of the convolved data.

This view allows us to discern how the tensor data are presented in the convolution process
with the kernel, as well as to emphasize how the dimensionality is reduced given the output
operation defined in (3.23).

zh = σ

 N∑
i

Z∑
j

h:h+Nδ∑
k

Qi,j,k + ϑ,

 , ∀h ∈ H (3.23)

The number of rescued features is defined by the number of filters used, denoted by NCNN
f .

Note that each filter adds a processing channel, extending in one dimension the expressions
that operate by convolutions. The structure of the resulting vector of latent variables is thus:

z =
[
z1, z2, . . . , zN∆

]⊤
. (3.24)
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• Latent state processing: After defining the structure of the z-coded tensor, the second
stage of the architecture is built following temporal processing. This stage employs temporal
convolutions with dilation, in pursuit of efficiently capturing information from the entire
context window. Given the data processing presented in the first stage, the temporal length
of the encoded tensor matches that of the input tensor, both being N∆. Under this assertion,
the number of layers in the TCN-based structure is determined by:

NTCN
C =

⌈
logD

(
(N∆ − 1)(D − 1)

(NTCN
δ − 1)

+ 1

)⌉
(3.25)

The functionNTCN
C calculates the number of layers needed to ensure the TCN’s receptive field

encompasses the entire input sequence. The term inside the logarithm scales the difference
between the input sequence length and the kernel size, adjusted by the dilation basis D ≥ 2.
Taking the logarithm with base d and rounding up with ⌈·⌉ yields the minimum number of
layers required for the desired coverage. For simplicity, a single value will be used for both
the kernel size and the number of filters in the convolutions, such that Nδ =N

CNN
δ =NTCN

δ

and Nf =NCNN
f =NTCN

f throughout the remainder of the paper. Under this assumption,
the specific causal relationships of a dilated TCN structure can be defined as follows:

T =


z1 z1+d . . . zNδ·d
z2 z2+d . . . z1+Nδ·d
...

...
. . .

...
zN∆−Nδ·d zN∆−(Nδ−1)d . . . zN∆

 , θTCN =


θ1
θ2
...
θNδ

 , (3.26)

where the calculation of the output vector of a layer of the TCN structure is given by:

yTCN = σ
(
T · θTCN + ϑ

)
(3.27)

Note that the task described in (3.27) is repeated in each of the layers that compose the
TCN structure, such that the results of the predecessor layers are used for this purpose. This
precedent makes the dilation factor d applied in a layer l ∈ [1, . . . , NTCN

C ] to be a d = Dl,
which translates into the characteristic shape seen in the neuron activation of Figure 3.6.

• Definition of control parameters: Once the vector with the processed temporal char-
acteristic is obtained, the output layers are designed in order to define the parameters of
local control. Following the guidelines defined in the Section 3.1.2, we know that as a design
condition the agent must return four outputs associated to the control parameters G and D,
and the voltage v̄ and power ū set-points. For the development of this task we will use blocks
built by dense layers, such that for each output we have ND layers of Nn neurons, whose
output is supported by a reshaping to arrange them in the desired matrix form. Under this
assumption, each output layer returns:

G = σG(θG · yTCN + ϑ⊤
G), (3.28a)

D = σD(θD · yTCN + ϑ⊤
D), (3.28b)

v̄ = σv̄(θv̄ · yTCN + ϑ⊤
v̄ ), (3.28c)

ū = σū(θū · yTCN + ϑ⊤
ū ), (3.28d)

where the sub–index in the activation function, weights and bias of the interconnection is used
to differentiate the components involved in each operation. Under the described delineations
[5], we can assign a bounded linear activation function for σv̄(·) and σū(·); while for the
control parameters G and D it must be fulfilled that G ≤ 0 and D ≥ 0. The sign condition
that prevails in each parameter translates into σG(x) = −max{0, x} and σD(x) = max{0, x}.
Note that the function applied in both cases is called relu(x) = max{0, x} in the ML context.
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By endowing the agent with this structure, its conceptualization is linked to the characteristics of
the system and, consequently, its structure has physical interpretability. Moreover, the parameters
defining the control actions are associated to sensitivities with uncertainty, so that the agent’s
output also has physical interpretability with respect to the system.

3.2.4 Training informed by system physics
Once the integration mechanisms that ensure the operability of the agent in the distribution sys-
tem have been established, the pending task is to establish under which operating criteria the
parameters that define the ANN will be adjusted. This task is essential in the context of the
proposal, since it defines the guidelines on which the agent will adjust the weights that define its
performance, and consequently its overall system performance. In this sense, using an extended
version of (3.19), explicitly describing the LDF power flows, we can define the following set of
expressions for the system operation:

ψ̃(G,D, ū, v̄, ξ) :=

u = ū+Gx+

d∑
j=1

DjΓ
j(ξ) , (3.29a)

x = v − v̄ (3.29b)

P = F⊤ (A⊤
DGp

DG +A⊤
Lp

L
)

(3.29c)

Q = F⊤ (A⊤
DGq

DG +A⊤
Lq

L
)

(3.29d)

v = 2FRP+ 2FXQ+ v01 (3.29e)

P2 +Q2 ≤ S̄
2 (3.29f)

x̌− ε− ≤ x ≤ x̂+ ε+ (3.29g)

ε− ≥ 0, ε+ ≥ 0, (3.29h)

u ∈ RDG(ξ) (3.29i)

In the set of expressions (3.29), the definition of the LDF is extended to explicitly integrate the
power flows by lines. This operation is performed by including in the constraint set the line power
limitation. For this purpose, the active and reactive power balances are defined for each bus,
where the participation of the control actions and the uncertainty are also defined explicitly by
means of their incidence matrices ADG and AL, respectively. In turn, this formulation integrates
as auxiliary variables (ε−, ε+) for the reformulation of the nonlinear function that quantifies the
cost of voltage deviations (3.18), such that:

ẽ(ε−, ε+) :=
[
1⊤ (ε− + ε+

)]
(3.30)

This redefines the operating costs as follows:

f̃(u, ε−, ε+, ξ) := ζ(u, ξL) + λẽ(ε−, ε+) (3.31)

Under these definitions, the conjunction between the control parameter assignment problem and
the system operation can be understood by means of the following optimization problem:

minimize
w,ỹ

f̃(u, ε−, ε+, ξ) (3.32a)

subject to ỹ ∈ ψ̃(G,D, ū, v̄, ξ) (3.32b)

||BG||2 ≤ 1− ε (3.32c)

where w = [G,D, ū, v̄]⊤ and ỹ = [x, u, ε−, ε+]⊤ correspond to the first and second stage variables
respectively. In this sense, the first stage is associated with the agent’s performance in defining
the parameters, while the second stage is its performance in the operation under uncertainty, such
that its linkage is given by a closed functional form linked to the control policy (3.29a).
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Thus, it is possible to pose the KKT conditions on the performances instead of the parameters
predicted by the agent. Moreover, note that the variables (ε−, ε+) can be expressed from x by
means of:

ε− := max{0, x̌− x} (3.33a)

ε+ := max{0, x− x̂} (3.33b)

Therefore, under the definitions provided, in (3.34) the development of the KKT conditions of the
expressions linked to the action on the system is presented.

fssp =
∣∣∣(∂ζ

pDG + λ∂ε
pDG

)
+ ν1

(
2P∂P

pDG

)
+ ν21

⊤ + ν3

(
2pDG

)∣∣∣ (3.34a)

fssq =
∣∣∣(∂ζ

qDG + λ∂ε
qDG

)
+ ν1

(
2Q∂Q

qDG

)
+ ν3

(
2qDG

)∣∣∣ (3.34b)

fslkS =
∣∣∣ν1

(
P2 +Q2 − S̄

2
)∣∣∣ (3.34c)

fslkRDG =
∣∣ν2

(
pDG − p̂DG

)∣∣+ ∣∣∣ν3

((
pDG

)2
+
(
qDG

)2 − (s̄DG
)2)∣∣∣ (3.34d)

fprimS = max
{
0, P2 +Q2 − S̄

2
}

(3.34e)

fprimRDG = max
{
0, pDG − p̂DG

}
+max

{
0,
(
pDG

)2
+
(
qDG

)2 − (s̄DG
)2}

(3.34f)

The notation ∂YX is used to develop a partial derivative of the function Y in terms of the variable
X . The dual Lagrangian is solved by a subgradient method [60] that computes a sequence of
multipliers (ν1,ν2,ν3) by solving a sequence of training samples and adjusting the multipliers
using the scenarios in which some constraint is violated, i.e.

ν1 ← ν1 + η ·max
{
0, P2 +Q2 − S̄

2
}

(3.35a)

ν2 ← ν2 + η ·max
{
0, pDG − p̂DG

}
(3.35b)

ν3 ← ν3 + η ·max
{
0,
(
pDG

)2
+
(
qDG

)2 − (s̄DG
)2}

(3.35c)

Note that the update rate between each training step is the same as the learning rate configured
for agent training. The set of expressions (3.34) is developed from the active and reactive power
control actions. This is done to simplify the representation of the line-flow constraint in (3.34a)
and (3.34b). Note that the matrix formulation incorporates the definitions (3.34d) and (3.34f) to
realize the development of the feasible region (3.29i). Therefore, the KKT conditions associated
with the LDF are complemented with the integration of the control stability condition (3.12) by
the following expression:

f ctr = max {0, (1− ε)− ||BG||2} (3.36)

The loss function based on the physics of the environment is defined as,

fPINNs = fssp + fssq + fslkS + fslkRDG + fprimS + fprimRDG + f ctr (3.37)

As a regularization mechanism, the L1–norm is integrated over the weights composing the agent,

fL = fPINNs + λL
∑
θ∈Θ

|θ| (3.38)

The expression (3.38) captures the behavior of the power flow model, along with control feasibility
and stability conditions. With a due management of the scenarios with which the agent is trained,
the model captures the behavior of the inherent uncertainty of the system, adjusting its weights
for the definition of the parameters that define the optimal operation under uncertainty. The
scope of the data management and training strategy will be discussed in the development of the
computational experiments.
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Chapter 4

Computational experiments

This chapter provides a detailed overview of the experimental design and
presents the results obtained. It begins with a description of the key considera-
tions that make up the simulation environment, including the methodology, the
data used for the experiments, and the agent training strategy. It then presents
the experiments that capture the scope of the proposal, defined in two phases:
agent training and sensitization, and out-of-sample operational performance.

In the first phase, we present results linked to the training strategy, with a fo-
cus on model convergence under specific hyperparameters and bounded search
spaces. This analysis is further enhanced by exploring the role of partial trans-
fer learning as an acceleration mechanism in the agent’s training convergence.
The second phase shifts to analyzing the agent’s out-of-sample performance in
an operational setting. Here, alternative control strategies from existing lit-
erature serve as reference points, allowing for a comparative evaluation of the
proposed and alternative approaches across three IEEE test feeder scenarios.
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4.1 Simulation environment
The framework presented here is designed to simulate the operating environment, forming the
foundation for computational testing and model training. This simulation integrates the control
policy into the operating environment, which is essential for analyzing its impact on the ADN. The
framework comprises three main components: the simulation methodology, database processing,
and ANN training methodology. The simulation methodology, the first component, outlines the
approach used to develop the simulation, employing a rolling horizon technique. This approach
dynamically updates local control parameters based on newly available information. The database
processing component details the structure in which data is stored and classified. It explains how
specific subsets are constructed from this data, allowing for agent training and out-of-sample per-
formance evaluation. Finally, the agent training methodology defines the scope of the algorithm’s
design post-model fitting. It describes how historical data subsets are utilized to deploy the agent
within the operational environment, facilitating performance measurement as the model undergoes
training.

ξ s, 1DG
Local control on the 

busbar where 
DG1 is installed

ξ s,DG1

vDG1

Local control in real-time

uDG1

uDG2

  G ,D DG1 DG1

vDG1ū ,DG1

u

Server 1

ENVIRONMENT
Historical 
profiles 

ξ ,   ENV DG1

ξ s,DG2
Local control on the 

busbar where 
DG2 is installed

ξ s,DG2

vDG2

  G ,D DG2 DG2

vDG2ū ,DG2

Server 2

ξ ,   ENV DG2

ξ s,DGN
Local control on the 

busbar where 
DGN is installed

ξ s,DGN

vDGN

  G ,D DGN DGN

vDGNū ,DGN

Server NDG

ξ ,   ENV DGN

∑D    (ξ )  j s  

Polynomial
policy

Proportional
control

Gx

 j =1
D

vv

ū

Local control of each bus in real time

ξs

{ξ }    s,k k=1

     NDG

Data base &

sample generator

ξ = Uncertainty
{  p , q , p  }L L DG

max

Centralized

ENVIRONMENT

Agent 1
G

v

D

ū

ξ  s 

Agent 2
G

v

D

ū

ξ  s 

Agent NG
G

v

D

ū

ξ  s 

ξ s, 1DG

ξ s, 2DG

ξ s,DGN

v

Local control on the 
busbar where 

DG1 is installed

Local control on the 
busbar where 

DG2 is installed

Local control on the 
busbar where 

DGN is installed

Dist. network
& converters

ξ s,DG1

ξ s, 2DG

ξ s,DGN

vDG1

vDG2

vDGN

  G ,D DG2 DG2

vDG2ū ,DG2

  G , DDGN DGN

vDGNū ,DGN

Local control 
in real-time

uDG1

uDG2

uDGN

  G ,D DG1 DG1

vDG1ū ,DG1

ξ

u

K0

K1

K2

Operating 
Regions

Agent 1
G

v

D

ū

ξ  s 

ξ s, 1DG
Local control on the 

busbar where 
DG1 is installed

Local control on the 
busbar where 

DG2 is installed

Local control on the 
busbar where 

DGN is installed

ξ s,DG1

ξ s, 2DG

ξ s,DGN

vDG1

vDG2

vDGN

  G ,D DG2 DG2

vDG2ū ,DG2

  G , DDGN DGN

vDGNū ,DGN

Local control in real-time

uDG1

uDG2

uDGN

  G ,D DG1 DG1

vDG1ū ,DG1

u{ξ }    s,k k=1

     NDG

Sample 
generator

DG

DG

DG

Dist. network
& converters

Server 1

Agent 2
G

v

D

ū

ξ  s 

Server 2

Agent NG
G

v

D

ū

ξ  s 

Server NG

S1 DG S2

S3

S4

ξ s, 2DG

ξ s,DGN

ENVIRONMENT

v

Historical 
profiles 

Centralized 
database

ξ H

DG DG
DG

DG

DG
DG 2

DG 3

DG 4

Systems

DG 1

ξ   ENV

Update database 

Centralized reward calculation

Agent 1
G

v

D

ū

ξ  s 

ξ s, 1DG
Local control on the 

busbar where 
DG1 is installed

Local control on the 
busbar where 

DG2 is installed

Local control on the 
busbar where 

DGN is installed

ξ s,DG1

ξ s, 2DG

ξ s,DGN

ωDG1

ωDG2

ωDGN

  G ,D DG2 DG2

vDG2ū ,DG2

  G , DDGN DGN

vDGNū ,DGN

Local control in real-time

uDG1

uDG2

uDGN

  G ,D DG1 DG1

vDG1ū ,DG1

u{ξ }    s,k k=1

     NDG

Sample 
generator

DG

DG

DG

Dist. network
& converters

Server 1

Agent 2
G

v

D

ū

ξ  s 

Server 2

Agent NG
G

v

D

ū

ξ  s 

Server NG

S1 DG S2

S3

S4

ξ s, 2DG

ξ s,DGN

ENVIRONMENT

Historical 
profiles 

Centralized 
database

ξ H

ξ ENV
Simulation

ωDG

β

μ

λ

α vDual
Variables

v

u

ξ  s 

u

  λ, α

 β, μ

Centralized reward calculation

Agent 1
G

v

D

ū

ξ  s 

ξ s, 1DG
Local control on the 

busbar where 
DG1 is installed

Local control on the 
busbar where 

DG2 is installed

Local control on the 
busbar where 

DGN is installed

ξ s,DG1

ξ s, 2DG

ξ s,DGN

ωDG1

ωDG2

ωDGN

  G ,D DG2 DG2

vDG2ū ,DG2

  G , DDGN DGN

vDGNū ,DGN

Local control in real-time

uDG1

uDG2

uDGN

  G ,D DG1 DG1

vDG1ū ,DG1

u{ξ }    s,k k=1

     NDG

Sample 
generator

DG

DG

DG

Dist. network
& converters

Server 1

Agent 2
G

v

D

ū

ξ  s 

Server 2

Agent NG
G

v

D

ū

ξ  s 

Server NG

S1 DG S2

S3

S4

ξ s, 2DG

ξ s,DGN

ENVIRONMENT

Historical 
profiles 

Centralized 
database

ξ H

ξ ENV
Simulation

ω , ωDV DG

Method of
Lagrange

multipliers

vDG1

vDG2

vDGN

vDG1

vDG2

vDGN

vu

ξ ENV
Simulation

PINN Model

β

μ

λ

α vDual
Variables

v

u

ξ  s 

u

  λ, α

 β, μ

Method of
Lagrange

multipliers

vu

ξ ENV
Simulation

Operating estimator

State 
estimator

Voltage 
deviations

Line 
losses

Operation 
cost

v
u

L
os

s 
F

un
ct

io
n

Σ

Update weights 

Update weights 

ωDV

Agent 1
G

v

D

ū

DG

DGLC

LC

Uncontrolled
power injection

DG Controlled DG

Extenal grid

Electrical branch

Electrical bus

ξ 

Agent 2
G

v

D

ū

ξ 

Centralized reward calculation

ξ ENV
Simulation

β

μ

λ

α vDual
Variables

v

u

ξ  s 

u

  λ, α

 β, μ

Method of
Lagrange

multipliers

vu

ξ ENV
Simulation

uDGN

Centralized reward calculation

ω , ωDV DG

PINN Model

β

μ

λ

α vDual
Variables

v

u

ξ  s 

u

  λ, α

 β, μ

Method of
Lagrange

multipliers

vu

ξ ENV
Simulation

State 
estimator

Voltage 
deviations

Line 
losses

Operation 
cost

v
u

L
o
ss

 F
un

ct
io

n

Σ

Update weights ωDV

ω , ωDV DG

Update weights 

ωDV

Agent 1
G

v

D

ū

ξ  s 

ωDG1

Agent 2
G

v

D

ū

ξ  s 

ωDG1

Agent NDG
G

v

D

ū

ξ  s 

ωDGN

Historical 
profiles 

Historical 
profiles 

DG

DG

DG

Dist. network
& converters

S1 DG S2

S3

S4

ξ s, 1DG
Local control on the 

busbar where 
DG1 is installed

ξ s,DG1

vDG1

Local control in real-time

uDG1

uDG2

  G ,D DG1 DG1

vDG1ū ,DG1

u

Server 1

ENVIRONMENT
Historical 
profiles 

ξ ,   ENV DG1

ξ s,DG2
Local control on the 

busbar where 
DG2 is installed

ξ s,DG2

vDG2

  G ,D DG2 DG2

vDG2ū ,DG2

Server 2

ξ ,   ENV DG2

ξ s,DGN
Local control on the 

busbar where 
DGN is installed

ξ s,DGN

vDGN

  G ,D DGN DGN

vDGNū ,DGN

Server NDG

ξ ,   ENV DGN

ξ ENV
Simulation

uDGN

Agent 1
G

v

D

ū

ξ  s 

ωDG1

Agent 2
G

v

D

ū

ξ  s 

ωDG1

Agent NDG
G

v

D

ū

ξ  s 

ωDGN

Historical 
profiles 

Historical 
profiles 

DG

DG

DG

Dist. network
& converters

S1 DG S2

S3

S4

Server 3

Server 1

Server 2

Master

192.168.1.XX1

192.168.1.XX2

192.168.1.XX3

192.168.1.XX4

Region C

Region A

Region B

192.168.1.XX2

192.168.1.XX3

192.168.1.XX4

PORTS
Master→Server 3: 44013
Server 3→Master: 44031

PORTS
Master→Server 1: 44012
Server 1→Master: 44021

PORTS
Master→Server 2: 44014
Server 2→Master: 44041

Server 3

Server 1

Server 2

Master

192.168.1.XX1

192.168.1.XX2

192.168.1.XX3

192.168.1.XX4

PORTS
Master→Server 3: 44013
Server 3→Master: 44031

PORTS
Master→Server 1: 44012
Server 1→Master: 44021

PORTS
Master→Server 2: 44014
Server 2→Master: 44041

PORTS
Server 1→Server 3: 44023
Server 3→Server 1: 44032

Server 3

Server 1

Server 2

Master

192.168.1.XX1

192.168.1.XX2

192.168.1.XX3

192.168.1.XX4

PORTS
Master→Server 3: 44013
Server 3→Master: 44031

PORTS
Master→Server 1: 44012
Server 1→Master: 44021

PORTS
Master→Server 2: 44014
Server 2→Master: 44041

PORTS
Server 1→Server 2: 44024
Server 2→Server 1: 44042

Server 3

Server 1

Server 2

Master

192.168.1.XX1

192.168.1.XX2

192.168.1.XX3

192.168.1.XX4

PORTS
Master→Server 3: 44013
Server 3→Master: 44031

PORTS
Master→Server 1: 44012
Server 1→Master: 44021

PORTS
Master→Server 2: 44014
Server 2→Master: 44041

PORTS
Server 2→Server 3: 44034
Server 3→Server 2: 44043

Server 3

Server 1

Server 2

Master

192.168.1.XX1

192.168.1.XX2

192.168.1.XX3

192.168.1.XX4

PORTS
Master→Server 3: 44013
Server 3→Master: 44031

PORTS
Master→Server 1: 44012
Server 1→Master: 44021

PORTS
Master→Server 2: 44014
Server 2→Master: 44041

PORTS
Server 2→Server 3: 44034
Server 3→Server 2: 44043

PORTS
Server 1→Server 2: 44024
Server 2→Server 1: 44042

PORTS
Server 1→Server 3: 44023
Server 3→Server 1: 44032

A

B

Subsystem A

V1

A

B

V2P1 Q1 P2 Q2 l2

Subsystem B

X X X X

XXX

System

Subsystem A

V0

A

B

V1 P1 Q1 l1

Subsystem B

X X X X

X

System

Subsystem A Subsystem B

System

A

B

A

B
C

V1

B

C

V2P1 Q1 P2 Q2 l2
X X X X

XXX

Subsystem C

V0

A

B

V1 P1 Q1 l1
X X X X

X

Subsystem A Subsystem B

System

V1

B

C

V2P1 Q1 P2 Q2 l2
X X X X

XXX

Subsystem C

V0

A

B

V1 P1 Q1 l1
X X X X

X

A
B

C

D

Subsystem D

V0

A

D

V3 P3 Q3 l3
X X X X

X

Local Vars
V  , P  , Q  , l2 2 2 2

Local Vars
V  , V  ,V0 1 3

P  , Q  , l1 1 1

P  , Q  , l3 3 3

Local Vars
V  , V0 3

P  , Q  , l3 3 3 Local Vars
V  , V0 3

P  , Q  , l3 3 3

Local Vars
V  , P  , Q  , l3 3 3 3

Local Vars
V  , V  , 1 2

P  , Q  , l  ,1 1 1

P  , Q  , l2 2 2

Local Vars
V  , P  , Q  , l1 1 1 1

Local Vars
V  , P  , Q  , l2 2 2 2 Local Vars

V  , P  , Q  , l2 2 2 2
Local Vars
V  , P  , Q  , l1 1 1 1

Local Vars
V0

V1

A

B

V2P1 Q1 P2 Q2 l2
X X X X

XXX

Region A

192.168.1.XX2

Region B

192.168.1.XX4

Region C

192.168.1.XX3

Consensus variables
V  , V  , P  , Q  , l12 14 14 14 14

Consensus variables
V  , V  , P  , Q  , l12 14 14 14 14

Consensus variables
V  , V  , P  , Q  , l22 24 24 24 24

Consensus variables
V  , V  , P  , Q  , l0 1 1 1 1 Consensus variables

V  , V  , P  , Q  , l22 24 24 24 24

P2P Network of Edge Resources

Private Agent

Edge Node A

Edge Node B

Edge Node E

Edge Node C

Edge Node D

Private Agent

Private Agent

Private Agent

Private Agent

Active Distribution Network DG

DG

DG

DG

DG

Cyber str
ucture

Infrastructure

Region A

192.168.1.XX2

Server A

192.168.1.XX2

Local control on the 
busbar where each  

DG is installed

Local Agent

G

v

D

ū

ξ  s 

PRIVATE AGENT
N° Bus: 13
N° DGs: 5
N° Neighbors: 1

G(      )vv

ū

Local control 
in real-time

u

Defines the control 
setpoints for the DG 

contained in the 
control area

∑    (ξ)    Dj j =1

ξ

v

 j

Local
Database
Uncertainty of 

the bars contained 
in the control area

P
so

la
r (

W
)

m
ax

Figure 4.1: Illustration of the spatial arrangement of DGs in the 34-bus test feeder.

Extensive computational experiments have been conducted using modified versions of three IEEE
test feeders: the 4-bus, 34-bus, and 123-bus feeders [107]. These modifications include balancing
line segments using Carson’s equation and Kron reduction, and converting distributed loads into
balanced three-phase loads. Similarly, each feeder was randomly populated with controlled DGs
at different locations. Specifically, for the 4-bus feeder, DGs were installed at buses 1, 2, and 3.
For the 34-bus feeder, DGs were placed at buses 8, 9, 10, 11, 13, 15, 17, 18, 19, 21, 22, 24, 26, 28,
30, 31, 32, and 33. For the IEEE 123-bus feeder, DGs were installed at numerous locations: buses
9, 10, 15, 16, 18, 19, 21, 23, 27, 29, 30, 31, 32, 33, 34, 36, 37, 38, 40, 41, 44, 45, 46, 47, 48, 49, 50,
51, 52, 54, 55, 57, 58, 59, 62, 63, 64, 65, 67, 68, 69, 72, 73, 75, 76, 78, 79, 81, 82, 83, 84, 85, 86,
87, 89, 91, 93, 94, 95, 98, 99, 102, 103, 105, 106, 108, 110, 112, 113, and 119. An example of the
spatial arrangement of the DGs in the system is depicted in Figure 4.1. Note that a systematic
criterion for DG assignment is beyond the scope of this paper.
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4.1.1 Simulation methodology
Using dynamic optimization techniques, the simulation methodology used for the development
of this work is based on a rolling horizon approach to develop the real-time dispatch process.
Figure 4.2 exposes the division of the time base comprising the development of in-sample and
out-of-sample tasks.
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Figure 4.2: Rolling horizon concept.

The in–sample period (blue color), is operated within the additional control layer. This implies
that the actions performed are of a centralized nature, such as sample generation or determination
of control parameters with the agent in a delimited computing time. In this sense, the control
actions taken are planned for a given operating horizon (green color). Meanwhile, in the out-of-
sample period (red color) comprises local operation based on the control policies determined in the
previous stage and the uncertainty revealed in real time. Figure 4.3. gives a detailed view of the
coordinated operation between the two stages for a given operating horizon.
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Figure 4.3: Simulation flowchart.
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In Figure 4.3, concepts such as control horizon index and subscript of each instant in the uncertainty
horizon are introduced. The first of these, represents at which instant of the rolling horizon the
simulation is located, denoted as t ∈ {0, 1, . . . , T}. While the second index does the same to
define over which instant of the uncertainty window the local control action is performed, such
that k ∈ {0, 1, . . . , Nξ}. So, the simulation methodology is composed of an outer control loop that
performs the centralized control actions, and an inner loop that simulates the uncertainty window
and performs the local control actions commanded by the centralized control, respectively.

In the outer simulation loop, the operations to be taken here and now for the interval t are
performed, which includes updating the database, constructing samples and predicting the vector
w = [G,D, ū, v̄]⊤ by the agent. Meanwhile, the inner simulation loop incorporates the concept of
the quasi-stationary control loop introduced in (3.1) to measure the performance of the centralized
control decisions. The performance of each configuration is evaluated using accurate power flow
equations. This stage of operation concludes with the uncertainty data updated and communicated
to the centralized controller. At the end of the simulation, key performance metrics are provided.

4.1.2 Database processing
The structure of the data set is based on the measurements used in [5]. This dataset is characterized
by having power demand profiles for all the bus of the systems under study, in addition to including
solar energy availability profiles for a subset of bis where the controlled DG generation facility is
considered. With a time seed of 6 seconds, and a total of 67 sampled days, the dataset has a total
of 964,800 individual samples.

As reported in [5], the original time series is the product of processing various household energy
data from the Austin region (USA). For each household, real and reactive power (P-Q) load
measurements are available, along with solar energy injection data, if applicable. On this basis, the
individual loads were aggregated into equivalent bus injection profiles using an affine combination
of the load time series, followed by a moving average low-pass filter to simulate the effect of
overlap. In addition, seeking to capture other systemic phenomena, the database used integrates
in its demand profiles the uncontrolled action of electromobility [108] and DGs operating in MPP,
scaled to create cases with 100% PV penetration and 10% electric vehicles penetration relative to
total system demand. This results in negative values for system demand at certain time intervals.

Table 4.1: Database summary.

Object Parameter description Symbol Value

Database Time step (seconds) – 6
Number of days – 67
Number of individual samples – 964,800

Sets Training set (samples) Mtrain 604,380
Validation set (samples) Mval 172,680
Testing set (samples) Mtest 86,340
Out-of-sample simulation set (samples) Msim 100,800

To prepare the dataset for model training and out-of-sample evaluation, a 9:1 split was applied, re-
sulting in 864,000 samples (60 days) for historical data and 100,800 samples (7 days) for uncertainty
data, used in system simulation and performance evaluation, denoted as Msim. The uncertainty
subset includes the most recent data, representing the final week of recorded measurements. His-
torical data is used to build samples for agent training, with data properties complemented by
adding voltage levels for each system bus in response to sample-specific uncertainties. Follow-
ing the procedure described in Section 3.2.2, we produce 863,400 instances formed by the tuple
(zH, ξU ), associated with the input and uncertainty on which the agent and control policy act,
respectively. In a 7:2:1 ratio, the instances are divided into training (Mtrain), validation (Mval)
and test (Mtest) sets for cross-validation and metric computation. The summary of each subset
and the properties present in the database are presented in Table 4.1.
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4.1.3 Agent training methodology
The training methodology proposed for agent adjustment is structured around three interconnected
algorithms that progressively address the phases of training, validation and testing of the model,
in addition to the adjustment of the dual variables. In this sense, the Figure 4.4 provides a macro-
level view of the training process, integrating the training, validation and dual variable adjustment
phases within a loop executed over Nepochs epochs.
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Figure 4.4: Agent tuning flowchart.

During each epoch, the weights Θ are updated in the training phase and their performance is
evaluated in the validation phase, while the dual variables ν are updated at the end of the epoch.
Using performance metrics, along with cross-validation [109], ensures a systematic approach to
optimization that avoids overfitting on the training set. Once the model meets the convergence
criteria, the algorithm calculates the final performance metric on the test set Mtest, providing
an objective measure of its generalizability and overall effectiveness. Note that, in each of the
phases comprising the agent adjustment, the ANN performance measurement is represented by
the calculation of ϱtrain, ϱval and ϱtest, respectively.

Deepening each one of the phases that compose the training algorithm, the document develops
Algorithms 1, 2, and 3. In the first two developments, the generation of mini–batch is from the
Mtrain and Mval, respectively, is presented as a preliminary stage. The use of the mini–batches
takes a fundamental role in the convergence of the model, since it smoothes the training process
associated with the downward gradient [110]. The selection of the size adopted by the mini–batches,
represented by the parameter Nbat, follows the recommendations made in [111].
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Algorithm 1 Training phase

Require: Θ, η, Nbat, N∆, Nξ, and Mtrain

1: Θs=0 ← Θ

2: Mbat ← Creation of subsets of size Nbat from random clusters ofMtrain.
3: for each sample {zH,s, ξU,s}M

bat

s=1 do
4: zH,s ← Get input sample considering N∆.
5: ws ← Agent forward pass computation with zH,s and Θs.
6: Update of control policy with ws.
7: for k = 0, 1, 2, . . . , Nξ do
8: ξk,s ← Uncertainty measurement from ξU,s.
9: xk,s ← LDF equations (2.15)

10: ũk,s ← Local control policy (3.4)

11: fLs ← Compute loss function using (3.38).
12: Θs ← Update weights using state-of-the-art optimizer with learning rate η.
13: ϱs ← ANN performance metrics
14: s ← s+ 1

15: if stoping criterion is met then
16: break
17: return Θs, ϱs

Algorithm 1 describes the training phase, which results in the update of the Θ weights. For
each pair of data (zH, ξU ) belonging to a sample, the control parameters w are defined and
their performance in the system is evaluated by means of the LDF equations. The idea behind
this simplification lies in suppressing the non-linearity of the power flow equations, in order to
speed up the training process [112]. Note that the internal loop emulating the out-of-sample
operation does not use the projection process, since by construction, this process is captured in
the loss function (3.4). The learning framework allows the use of state–of–the–art optimizers for
the update of the ANN’s weights, e.g., Adaptive Moment Estimation (Adam) [113], Root Mean
Square Propagation (RMSprop) [110], Adadelta [114]. Training metrics are continuously updated
throughout this process, allowing the algorithm to monitor progress and evaluate convergence.

Algorithm 2 Validation phase

Require: Θ, Nbat, N∆, Nξ, and Mval

1: Mbat ← Creation of subsets of size Nbat from random clusters ofMval.
2: for each sample {zH,s, ξU,s}M

bat

s=1 do
3: zH,s ← Get input sample considering N∆.
4: ws ← Agent forward pass computation with zH,s and Θ.
5: Update of control policy with ws.
6: for k = 0, 1, 2, . . . , Nξ do
7: ξk,s ← Uncertainty measurement from ξU,s.
8: xk,s ← LDF equations (2.15).
9: ũk,s ← Local control policy (3.4).

10: fLs ← Compute loss function using (3.38).
11: ϱs ← ANN performance metrics
12: s ← s+ 1

13: if stoping criterion is met then
14: break
15: return ϱs
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Similarly, Algorithm 2 describes the validation phase, used to perform cross-validation at each of
the epochs. For this purpose, the validation algorithm receives the model already adjusted for the
current iteration, and on this it simulates and evaluates its performance in simulation using the
validation set. By construction, the elements that compose the validation set have not been used
to calculate the gradient and subsequent update of the agent, so they are out-of-sample examples.
As a stopping criterion, the early stopping [115] is integrated in the cross-validation.

Algorithm 3 Updating dual variables
Require: Θ, η, ν, zH, and ξU
1: w← Agent forward pass computation with zH and Θ.
2: Update of control policy with w.
3: for k = 0, 1, 2, . . . , Nξ do
4: ξk ← Uncertainty measurement from ξU .
5: xk ← LDF equations (2.15).
6: ũk ← Local control policy (3.4).
7: ν ← Updating dual variables according to (3.35).
8: return ν

Finally, Algorithm 3 describes the process of updating the dual variables associated with the
inequality constraints of the power transfer limit per line (3.29f) and the feasible region of the
DGs (3.29i). Using the last mini-batch used in the training stage, the subgradient method [60]
is applied to update the dual variables. To simplify the use of hyperparameters employed by the
model, the learning rate used on the agent to perform this update is configured. The training
process ends when the convergence criteria are satisfied, indicating that the model has reached a
steady state within the given training and validation set. However, this does not guarantee optimal
performance, as the model could over- or under-fit the specific training data. To address this, the
state of the art presents the generation of multiple training sets within a limited search space [116]
as a measure. After training, the model’s performance is rigorously tested on a separate test set,
ensuring that it not only converges, but also maintains robustness and accuracy in a variety of
scenarios.

4.2 Agent training

The training methodology described in the diagram in Figure 4.4 is implemented in Python 3.10.9,
together with the Tensorflow library version 2.14.0. The platform used for testing is characterized
as a server with an Intel Xeon(R) Gold 5218 processor @2.30GHz×32 and 16GB×4 of ram at 2666MHz.

Table 4.2: Search space of ANN’s hyper–parameters.

Object Hyper-parameter description Symbol Search space

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

Optimizer State-of-the-art optimizer Adam –
Learning rate η 1× 10−6

Batch size Nbat 32

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
Penalty factor λL 0.10–0.25
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The agent training process was conducted within a search space defined by the data in Table 4.2.
This search space encompassed the parameters and ranges relevant to the optimization of the
agents, pigeonholed into which element of the system they characterize. The selection of hyper–
parameters and settings that optimize the operation is obtained from the random search process.
The early stopping criterion was set to 25 iterations to avoid over-fitting; while the Glorot uniform
initialization was used for the initialization of the weights [117]. Likewise, the Adam optimizer
is used for the weight update process. The training process is broken down into four sensitivity
analyses, associated with the impact of the length of the contextualization window, the impact
of regularization, the evolution of the control parameters during the training process, and the
convergence of the agent.

4.2.1 Impact of days considered in N∆

As explained in the design stage, the input sample captures the intra-hour seasonality of the
energy data used to adjust the control parameters. Under this idea, the following analysis seeks to
elucidate how many days of observation are necessary to capture the system behavior. Delimiting
the test to the 4-bus IEEE test feeder, we obtain the pareto profiles seen in Figure 4.5 is obtained.
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Figure 4.5: Agent performance vs. context window.

The horizontal axis of both graphs contains the observation days considered, which, by means
of the ratio (3.21), is transformed into the time length of the sample. The vertical axis of the
left plot reports the value of the loss function applied on the test set once the model is trained.
Meanwhile, the vertical axis of the right graph reports the average time of the training process.
In each case, the boxplots contain the information of the 10 models with convergence, evaluating
their performance on the test set.

The observed results suggest, in the first instance, that as the number of observation days is
reduced, the time spent on training is reduced. This is because, as the temporal length of the
sample increases, the number of causal convolutional layers required to compute the temporal
tensor, according to (3.25), increases, which increases the number of required parameters and
associated gradient. These operations have a direct impact on the computational load of the
platform, causing saturation in the calculation process and, therefore, a slower evaluation of the
samples. On the platform in use, these phenomena cause the behavior of the computation time vs.
the number of days of context to have an exponential relationship. Regarding the out-of-sample
performance, measured through the evaluation of (3.38), the pareto allows us to conclude that
models trained with less than two days do not fully capture the behavior of the system. This is
due to the fact that the input samples are composed of a low variability of the possible values
that the energy data can adopt, which generates instances in which the prediction of the control
parameters is suboptimal. On the other hand, scenarios over four days have a better performance
by improving the variability of the energy data, but increasing the sample length too much decreases
the computational efficiency of the training process. This outlines for us the design of the agents
for the other test feeders, setting the observation days to three, which is equivalent to a sample
length of 450 data per sample.

50



4.2.2 Effect of regularization
As is made explicit in the design stage and subsequent conceptualization of the objective function,
the need to incorporate regularization mechanisms is made explicit in order to improve the ro-
bustness and interpretability of the model, to minimize the risk of overfitting when learning overly
complex representations from training data. To address this task, in the objective function (3.38)
we have included the L1–norm on the agent’s weights in order to encourage the use of the minimum
amount of these in the final configuration of the model. Consequently, the following study analyzes
the impact of this regularization mechanism on the final design of the model. The number of active
weights in each structural block of the agent is analyzed, according to the composition shown in
Figure 3.6. As in the preliminary study, the analysis is carried out on a IEEE 4–bus feeder test,
the results of which are presented in Table 4.3.

Table 4.3: Effect of regularization on the design of the agent.

Agent block Weights
Per design With regularization Without regularization

Sample encoding 86,400 56,684 (65.61%) 85,198 (98.61%)
Latent state processing 28,000 6,962 (24.86%) 24,629 (87.96%)
Definition of control parameters 99,351 54,394 (54.75%) 97,458 (98.09%)

Total 213,751 118,040 (55.22%) 207,285 (96.97%)

The models in this study follow established guidelines for optimal agent performance. For a fair
comparison, both models achieve similar out-of-sample performance in the physical component of
the training function (3.37), with 0.86 and 0.89 for the regularized and non-regularized versions,
respectively. Table 4.3 presents the total weights per design and the active weight percentages in
brackets. The L1-norm effectively prunes weights by encouraging sparsity, reducing active weights
by over 30% in each block, with the TCN block benefiting the most. This reduction limits the
influence of less significant connections, promoting a more efficient model structure. Overall,
active weights decrease by more than 44%, significantly reducing computational complexity. This
streamlined architecture not only improves computational efficiency but also enhances the model’s
robustness against uncertainty, contributing to better generalization in unseen scenarios.

4.2.3 Stabilization of control actions
To evaluate how the agent stabilizes the action of the control policy as it adjusts its weights, the
following study analyzes the behavior of the dispatch in out-of-sample instances for different train-
ing periods. Similarly to the previous study, the sensitivity analysis involved in this study will be
limited to the IEEE 4-bus test feeder, where the configuration given to the agent corresponds to the
model with the best out-of-sample performance given the delineations in the previous study. The
scope associated with the convergence of the model is discussed a posteriori. Thus, in Figure 4.6,
the uncertainty used for the development of each out-of-sample simulation is shown. The time
series presented correspond to the first day of theMsim set.
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Figure 4.6: Stabilization of control actions, uncertainty used in simulation.
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Meanwhile, Figure 4.7 presents the three simulations performed in a grid layout. Each column
shows the training instant used to simulate the system, while each row shows the injection of
active and reactive power, together with the voltage response of the system.
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Figure 4.7: Stabilization of control actions, power dispatch and voltage response.

After the visual analysis, a clear stabilization of the control actions can be observed as the training
process converges. When the model is first initialized, the behavior of the power dispatch is
completely random, because the dynamics behind the system are totally unknown to the agent.
This causes considerable voltage deviations at certain times. Note that the simulation flow seen
in Figure 4.3 integrates the projection of the dispatch into the feasible region, which is why the
operation of the system is still stable, but not optimal. As the training process advances, the model
gradually acquires part of the dynamics that define the system. This is represented in the central
column, where the DGs gradually align the dispatch generated according to the available power.
Even so, there are intervals in which the power generation deviates from optimal operation, being
zero or with many oscillations. After the objective of obtaining optimal operation, the adjustment
process means that the voltage deviations and the active power spill are considerably reduced.
Finally, when the training is completed, the agent manages to define the optimal control policies
for the operation of the system. The active power dispatch no longer presents anomalous intervals,
now following the trend presented by the available power. In the same way, reactive power dispatch
complements active power, injecting or consuming power as appropriate in order to reduce voltage
deviations. Likewise, for the case under study, optimal operation is achieved by pouring out active
power in order to have reactive power available to control the voltage.

Table 4.4 complements the analysis with metrics typical of the operation of a distribution network,
such as measuring the average voltage violation per bus (AVV), hourly average utility power
injection (HUPI), hourly curtailed PV power (HCPVP), and hourly network losses (HNL).

Table 4.4: Comparison of out-of-sample performance at different stages of training.

Training AVV ×10−7 HUPI (kW) HCPVP (kW) HNL (kW)
Stage

Initialized 1907.55 464.61 411.77 72.76
Mid-training 261.03 305.17 252.33 26.36
Convergence 53.45 299.33 246.50 23.31
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The results in the table numerically validate the visual analysis carried out. Progression in training
goes hand in hand with optimization of the operation. The deviations in voltage, power injection
from the feeder, power spillage from the DG’s and energy transmission losses decrease as the agent
learns to manage the system’s energy around an efficient operating point.

4.2.4 Convergence analysis

After having carried out the main sensitivity analyses that comprise the performance of the pro-
posed agent, we proceed to evaluate the convergence of each agent associated with the IEEE test
feeders. As the test feeders have different capacities, numbers of lines and controllable DG im-
plemented, the time and number of epochs required to achieve agent convergence is asymmetric.
Consequently, to normalize the representation of the agent training process for each system, it will
be presented on a percentage basis for each of its axes. In this way, for each of the systems under
study, the results are presented in an arrangement of sub-figures with the components of greatest
impact in the training process.
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Figure 4.8: Agent convergence in the IEEE 4-bus test feeder.

Figure 4.8 makes use of this configuration to represent the results of the IEEE 4 bus feeder test.
On the left-hand side, the behavior of the training function (3.38) is graphed during the parameter
adjustment process. This function is implicitly composed of the power of the utility (3.16), the
losses (3.17), the voltage violations (3.30) and the updating of the dual variables (3.35), so it is
decided to present these in the rows on the right-hand side of Figure 4.8. Under this arrangement,
the actions of the agent during the training process are made explicit. In the initial part, from
the start to 20% of the training process, the agent adjusts the parameters that define the control
actions to minimize non-compliance with the converter’s operating limits, available power and
distribution lines. This means that the dual variables do not need to be updated a posteriori, the
∆ν being zero, as can be seen in the lower right part of the arrangement of figures.

The rest of the training is aimed at optimizing the operation of the system. This is a non-linear
task, so there are intervals in which the training stagnates due to local optima. In Figure 4.8, this
is exemplified in two intervals of the training, between 20–40% and 60–100%, respectively. In these
intervals, the agent updates its parameters in order to manipulate the balance of the costs of the
objective function, as reflected in the first three rows on the right. For the first interval, the costs
of voltage violations oscillate around a value until they manage to leave the local optimum. This
gives way to the interval between 40% and 60% where the minimization of the operating cost is
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again sustained. The final stage of the training, once again balances the reduction of the different
costs of the objective function of the optimization problem, until the training termination criterion
is met. Note that, throughout this process, the intricate behavior of each cost function component
is reflected in the training function, clear examples of which are the sustained minimization, the
initial oscillation of the utility dispatch, and the slight increase in voltage deviations over the
training set between 30%–50% of the adjustment process. This transfer of behavior is given by
the construction of the adjustment function, which underlies the formulation of the optimization
problem through the KKT conditions. Table 4.5 shows the values used to normalize the axes of
each of the sub-figures.

Table 4.5: Reference values in the training process of the IEEE 4–bus feeder test.

Variable Values
min max

Epoch 0.00 2, 576.00
fL 0.67 11, 970.83
ζ 10.15 280.31
ϕ 0.22 77.18
ẽ 12.14 8, 395.25
∆ν 0.00 183.97

The variables listed in Table 4.5 represent the training function fL in equation (3.38), the differ-
ent components of the objective function such as ζ, which denotes the cost of the utility’s power
injection in equation (3.16), ϕ, which represents the losses in equation (3.17), and ẽ, which cor-
responds to the voltage deviations in equation (3.30). Additionally, ∆ν represents the update
component of the dual variable in equation (3.35). Note that, in each of these expressions, the
average is calculated over the time window, number of buses and/or lines, and number of samples
sets, respectively. In addition, they are subject to standard normalization and system in per unit,
marking these differences with respect to the AVV, HUPI, HCPVP and HNL metrics.

The tabulated values provide us with more complementary information regarding the training. In
the first place, the number of epochs used until convergence allows us to estimate the total time of
the training process. Considering that each sample is executed in around 1.2 s, and that each epoch
contains approximately 2000 samples, the training of the model lasts between one and two months.
Likewise, the minimums and maximums of the training function and its components seen from the
objective function allow us to analyze their impact on the training. In particular, voltage violations
have a maximum value with an order of magnitude greater than those of the utility’s power injection
and losses. This is because voltage deviations are strongly affected by non-compliance with DG
limits, which initially generate unfeasible scenarios where the bus voltage is well above or below
the technical limits. This initial difference between magnitudes of the components of the objective
function allows us to conclude that the initial stage of the training is strongly influenced by the
component of the voltage deviation in (3.34a) and (3.34b), the complementary conditions (3.34c)
and (3.34d), and the primal constraints (3.34e) and (3.34f) associated with the feasibility of the
solution. After the adjustment of the dual variables, including after 20% of the training process,
optimization under the stationary KKT conditions (3.34a) and (3.34b) takes precedence. In this
interval, the primal and complementary conditions are already met, and the difference in magnitude
between the voltage deviations and the power injection of the utility and losses is attenuated. This
means that the training updates the weights of the agent by balancing and minimizing the three
components, arriving at the configuration of parameters that best minimizes the cost of operation.
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(a) Glorot initialization
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(b) Warm–starting

Figure 4.9: Agent convergence in the IEEE 34-bus test feeder.

From the analysis we have just carried out, it can be concluded that the scalability of the training
methodology is computationally expensive. The training times required for larger distribution
systems, with a greater number of controllable DGs, increase significantly. To overcome this
difficulty, we will take advantage of the standardized structure given to the agent to transfer part
of the learning obtained in the model associated with the IEEE 4–bus feeder test. In particular, the
input and output tensor dimension of TCN–based latent state processing is compatible between
the three IEEE feeder tests. This allows the weights already entered on the IEEE 4–bus feeder
test system to be transferred and frozen in the other systems, given that the task performed at
this stage is the same regardless of the system. Under this premise, Figure 4.9 presents the result
using traditional initialization, in Figure 4.9(a), and initialization with transfer learning for a warm
start, in Figure 4.9(b).
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Unlike the sensitivity studies, in which multiple initializations were carried out to choose the one
with the best performance, in the IEEE 34–bus feeder test we will only initialize one agent for the
comparison of traditional initialization and warm start. When using traditional initialization, it can
be seen in Figure 4.9(a) that the training follows a behavior similar to that previously analyzed.
First, the agent accommodates the dual variables instead of operating in the feasible region of
operation and then the operation of the system is optimized. In the optimization stage there are
also local optima, which are circumvented by manipulating the control parameters in order to vary
the costs of the different components of the objective function. Furthermore, it can be seen once
again how the behavior of the components of the objective function of the optimization problem
directly influences the behavior of the training function, a clear example being the behavior of the
validation component between the figure on the left and the first row of the figure on the right.

On the other hand, when using warm start in the TCN structure, Figure 4.9(b), two significant
changes occur in the training process. There is a slight acceleration in the computational calculation
of each epoch, since fewer weights are trained and consequently fewer gradients are calculated; and
the convergence is much faster. Both behaviors translate into an acceleration of the training
process. As in the training process with traditional initialization, the dual variables are the first to
be optimized. This is done from the beginning up to 30% of the training, where there is no longer a
relevant update value. Once the dual variables have been adjusted, and as in the previous analyses,
the training completes the optimization of the system. In the particular case of Figure 4.9(b), it
presents a single period of stagnation around 10% and 30% of the training process. In this interval,
the internal balance of the components of the objective function of the operational problem lies
in increasing the participation of the utility in order to minimize losses and voltage deviations.
After this period, a gradual and sustained reduction in the loss function and the components of
the objective function is observed. Table 4.6 shows the values related to the normalization of both
cases studied.

Table 4.6: Reference values in the training process of the IEEE 34–bus feeder test.

Variable Glorot initialization Warm–starting
min max min max

Epoch 0.00 2, 323.00 0.00 1, 312.00
fL 1.15 985, 222.99 1.11 756, 236.22
ζ 10.22 234.55 6.01 181.55
ϕ 0.86 119.56 0.89 90.16
ẽ 18.14 903, 958.25 17.71 533, 499.12
∆ν 0.00 315.22 0.00 243.91

The tabulated data complements the visual analysis, providing information on the minimums and
maximums recorded in each case. Firstly, there is a significant reduction in the number of epochs
needed for convergence. This is because, by using and setting already trained weights, the training
efforts are focused on optimizing the rest of the agent’s parameters. Consequently, the training
process is more efficient, leading to a decrease of around 40% in training time. This indicates that
a large part of the efforts of the training algorithm are focused on the adjustment of the latent
state processing stage. Secondly, the maximum values recorded for the components of the objective
function are lower in the case of warm start. This is because a warn start can be understood as an
initialization point where the problem of parameter adjustment is better conditioned, which leads
to a faster and more stable convergence of the optimization process, by reducing sensitivity to
initial conditions and facilitating the search for an optimal minimum in the parameter space. The
equivalence in the performance of the trained models is reflected in the minimum values tabulated
in Table 4.6. Usually linked to the final values of the training, it can be seen that these present
equivalent values and orders of magnitude between the models. In this way, the results of this
analysis validate the use of warn start between trained agents under different feeders.
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The study ends by presenting the behavior of the agent trained for the IEEE 123-bus feeder test.
Taking as a reference the results obtained for the IEEE 34-bus feeder test, in this system the agent
is only trained with the warn start, as can be seen in Figure 4.10
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Figure 4.10: Agent convergence in the IEEE 123-bus test feeder.

This is reflected in the behavior of the curves in Figure 4.10, where, as in the case of the agent with
a warn start of the IEEE 34-bus feeder, the percentage of training allocated to the adjustment of
the dual variables is close to 15%. Once this threshold is exceeded, the parameters are adjusted
to comply with the feasible regions of operation. After this, the training algorithm enters the
operation optimization process, which involves adjusting the parameters so that their impact on
the objective function minimizes the value of (3.32) in its in-sample evaluation. In the particular
case of this system, the behavior of the loss function is strongly linked to the cost of the utility’s
participation, which is adjusted according to the reduction of system losses and voltage violations.
Table 4.7 shows the minimum and maximum values recorded for each of the variables surveyed in
the set of graphs in Figure 4.10.

Table 4.7: Reference values in the training process of the IEEE 123–bus feeder test.

Variable Values
min max

Epoch 0.00 2, 393.00
fL 2.34 1, 458, 215.25
ζ 28.77 451.22
ϕ 2.21 145.23
ẽ 48.78 1, 212, 061.33
∆ν 0.00 682.99

The values tabulated in Table 4.7 are the agent’s frame of reference for the IEEE 123–bus feeder
test. Again, as the distribution system increases in size, the execution time of a sample, and
consequently the training time, increases in proportion to the amount of information stored in
the input tensor and the number of controllable DGs in the system. For this particular case,
each sample takes around 1.8 s to execute. This means that the training process, starting from
a warm state, takes approximately 3 months. Finally, the minimum and maximum values allow
us to evaluate the convergence of the agent. In particular, as observed in the previous model, the
maximum values increase due to the increase in controllable elements and system capacity. While
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the minimum values give indications of convergence according to the early stopping criterion. These
values have a non–zero value, but are significantly lower than the maximum recorded. Note that,
despite recording minimum values other than zero, this does not necessarily mean that the agent
is operating far from the optimum, since the value associated with the loss function constructed
from the KKT is close to zero, with a small gap associated with optimality.

The results associated with the convergence of the models indicate that the training informed
by physics in the construction and conceptualization of the objective function achieves its goal.
In addition to training the models, the structure of the agent and underlying training process
is physically interpretable. Furthermore, it is demonstrated how the warm start mechanisms
considerably accelerate the convergence of the large-scale models. To conclude the convergence
analyses, Table 4.8 shows the performance of each model on the test set.

Table 4.8: Performance on the test sets of the agents associated with each IEEE test feeder.

Test feeder fL ζ ϕ ẽ

IEEE 4–bus 0.60 10.86 0.21 11.15
IEEE 34–bus 1.21 7.12 1.01 16.33
IEEE 123–bus 2.40 31.01 2.87 45.22

The results tabulated in Table 4.8 are consistent in order of magnitude with respect to the minimum
values presented above. This indicates that, on a set totally exogenous to the training, each of the
agents manages to obtain control parameters in such a way that optimal conditions prevail in the
operation of the system.

4.3 Out-of-sample performance
This section evaluates the out-of-sample performance of the trained agents using the simulation
methodology outlined in Figure 4.3. All strategies, except for the proposed one, use 400 scenarios
for parameter adjustment. The performance of each strategy is compared against various control
methodologies from the literature, using standard metrics in distribution systems: AVV, HUPI,
HCPVP, and HNL. The results, presented in Table 4.9, are derived from theMsim, which includes
the last seven days of uncertainty from the database.

Table 4.9: Comparison of the proposal vs. literature models in the out-of-sample operation.

Test feeder Strategies AVV ×10−7 HUPI (kW) HCPVP (kW) HNL (kW)

IEEE 4–bus IEEE–1547 769.51 251.65 96.26 26.54
SOPF 12.15 541.11 414.29 30.02
NCognizant 5.32 584.91 429.52 31.31
Robust 7.64 414.76 259.36 26.17
Proposed 2.04 433.25 262.12 24.66

IEEE 34–bus IEEE–1547 637.46 −196.82 0.00 42.05
SOPF 105.38 723.17 556.17 98.77
NCognizant 96.49 765.09 568.27 105.83
Robust 0.00 392.49 195.67 62.59
Proposed 0.00 367.18 183.94 51.91

IEEE 123–bus IEEE–1547 11245.20 −252.75 80.54 153.28
SOPF 471.15 1212.15 1344.18 56.33
NCognizant 374.41 1387.25 1389.70 50.26
Robust 75.71 195.77 486.40 107.11
Proposed 53.88 203.25 477.21 101.22
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The schemes used for this comparison are the IEEE-1547 standard [8], the determination of set-
points by stochastic optimization of the OPF (SOPF), the optimization of local voltage sag control
considering a network cognizant approach [6] (NCognizant), robust co-optimization of the control
structure [5] (Robust) and the proposal of this work, respectively.

In the tabulated results we observe that NCognizant, SOPF, Robust and Proposed achieve satis-
factory voltage regulation. This is because, by construction, these strategies integrate knowledge
of the system into the definition of the dispatch, which is totally contrary to IEEE–1547, where
the dispatch is defined through the characteristics of the DG and the local measurement of the
voltage. Among these strategies, the proposed approach produces the most economically optimal
solution by minimizing the other metrics, i.e., HUPI, HCPVP, and HNL. This statement is made
explicit in Figure 4.11, which shows the probability distribution of average daily operating costs,
which considers a weighted sum of AVV and HUPI, as formulated in (3.31).
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Figure 4.11: Out–of–sample performance for daily average operational costs, IEEE 34–bus test feeder.

This figure shows how each control methodology impacts the economic performance of the sys-
tem. The results of the computational experiments suggest that the proposed strategy captures
a multi-objective approach that achieves more optimal decisions from an economic point of view
while regulating voltage effectively, because the proposed strategy systematically presents a lower
operational cost compared to the strategies in the literature. When comparing the methodologies
for determining control structure parameters (3.4), the null hypothesis assumes that the agent-
based approach defines parameters with superior operational performance compared to the robust
method. The significance test yields a p–value of 3.98 × 10−5, which is below 0.05, indicating
that the proposed methodology results in significantly lower operating costs than the robust ap-
proach. This improvement stems from the enhanced modeling of uncertainty and the incorporation
of system physics into the training function design.

4.3.1 Analysis of the intra-hour operation
This section aims to evaluate the intra-hourly operational behavior. For this purpose, a typical
day of the 34-bus test feeder is selected for analysis. This study involves the comparison of three
control methodologies: the IEEE–1547 standard, a NCognizant model from the literature, and the
proposed approach developed in this work. The study is limited to these strategies as they are
representative of the spectrum of economic solutions seen in the previous section.
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Figure 4.12: Voltage response comparison: literature models vs. proposed.

The Figure 4.12 shows three surfaces, where in each one the axes are time, buses, and voltage
response. The figures in the upper left and right are associated with the IEEE–1547 standard and
the NCognizant model, while the one at the bottom is obtained with the proposal. The color map
used is common in all surfaces, and indicates the voltage level reached on each bus for each instant
of the day. The behavior observed allows us to distinguish multiple events. In the first place, the
strategy proposed by the IEEE 1547 standard does not manage the voltage effectively, generating
multiple instances where the maximum voltage level is violated on more than one bus. These
instances where there is a voltage violation are concentrated in the interval from 10:50 am to 3:20 pm,
for buses 20 and 21. The NCognizant model mitigates voltage deviations, presenting an average
voltage profile slightly higher than that achieved with the IEEE 1547 standard. In particular, this
control strategy eliminates voltage deviations in bus 21, and for bus 20 it reduces the interval where
voltage deviations exist, being present between 2:20 pm and 3:20 pm, with 1.079 p.u. as maximum
voltage recorded. The proposed methodology does not present voltage deviations for the day in
question, reaching a maximum of 1.040 p.u. for bus 21 at 2:20 pm. These differences support the
results in Table 4.9, where the methodologies analyzed present different orders of magnitude in the
AVV indicator.
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When subjecting the systems to the same uncertainty, the voltage response depends solely on how
the dispatch of the DGs is carried out. Figure 4.13 and 4.14 show the dispatch of active and reactive
power of the DGs. Both figures show three surfaces, where in each one the axes are time, the id of
each generator, and the power dispatch. As with the previous figure, the arrangement of figures
includes in the upper left and right the dispatch associated with the IEEE–1547 standard and the
NCognizant model, while the one in the lower part is obtained with the proposal; all subject to a
common color map indicating the maximum and minimum dispatch of each device.
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Figure 4.13: Active power dispatch comparison: literature models vs. proposed.

The active power dispatch surfaces of each control methodology provide distinct operating guide-
lines. Under the IEEE-1547 standard, minimizing active power spill is the primary objective. In
contrast, both the model from the literature and the proposed approach treat active power spill as
an additional control mechanism for system energy management. As a result, operation under the
IEEE-1547 standard typically sets the available power as the operating point, whereas the other
two models follow dispatch determined by their respective control structures. Notably, the NCog-
nizant model focuses solely on voltage drop control, while the proposed approach also incorporates
voltage droop control and a polynomial component to account for uncertainty. These differences
in dispatch definition lead to variations in both the magnitude and shape of the resulting figures.
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Figure 4.14: Reactive power dispatch comparison: literature models vs. proposed.

The reactive power dispatch surfaces for each control methodology exhibit erratically. In the
IEEE-1547-based operating methodology, dispatch is governed by the converter’s available power
and local voltage. This approach limits reactive power utilization to minimize active power dump-
ing, resulting in underuse. Conversely, both the literature model and the proposed method treat
reactive power as a resource for system energy management. The NCognizant model employs ro-
bust optimization to define operating policies within a given window but lacks regularization for
reactive power, constraining it only to the feasible region (3.3), leading to the irregular surface seen
in the upper right. In contrast, the proposed model leverages a physics-based training algorithm to
determine the operating policy. By incorporating multiple adjustment scenarios and agent-driven
regularization mechanisms, it achieves a smoother response compared to its predecessors.

The analysis of voltage response, power dispatch, and system management under uncertainty
clearly demonstrates the advantages of the proposed model over the IEEE-1547 standard and the
NCognizant approach. While IEEE–1547 fails to mitigate voltage violations and NCognizant re-
duces but does not eliminate them, the proposed methodology maintains voltage within safe limits
throughout the day. The dispatch surfaces further highlight this superiority, with the proposed
model integrating voltage drop control and polynomial adjustments in the control structure, to-
gether with the physics-based training algorithm. These features not only smooth reactive power
dispatch but also optimize active power utilization, balancing system stability and energy efficiency.
Altogether, these results confirm that a proposed framework provides the most robust, reliable and
adaptable solution for distributed generation control, making it the best option among the method-
ologies analyzed.
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Chapter 5

Conclusions and future work

This document presents a new framework for the centralized definition of local operating policies
of DGs based on the transfer of the underlying physics of the distribution system to an intelligent
agent. Using a control structure present in the literature, the work focuses its efforts on the
development of a methodological proposal for the design, integration and training of an intelligent
agent that defines the operating parameters that achieve global optimality in local operation under
uncertainty.

Unlike similar approaches that rely on optimization strategies to manage operational uncertainty,
we have explored the integration of ML algorithms to characterize functional forms that provide
real–time operational solutions. Specifically, given a control structure that enables centralized
decision-making followed by local execution, we explicitly define the underlying monolithic opti-
mization problem governing the system’s optimal operation. This problem aims to minimize total
energy consumption and voltage violations. Based on this formulation, we derive and reformulate
the KKT optimality conditions to establish a unified function for agent adjustment, capturing the
system’s intrinsic behavior along with the impact of local control policies and inherent operational
uncertainties. The operation of the system is organized under a two–layer control hierarchy: a
real-time control layer responsible for evaluating local control policies in the order of 10–100 ms;
and a centralized adaptability layer responsible for periodically defining the updated parameters of
the local controllers by means of a previously trained intelligent agent. This operational framework
avoids communication overload and, at the same time, takes advantage of the asynchronous acqui-
sition of information to define local operational instructions that ensure the overall optimality of
the system. For the design of the intelligent agent, we establish a set of criteria based on the causal
structure and topology of the system. The agent framework is organized into three key tasks: cod-
ing, processing and definition of control parameters. In the coding stage, the agent derives latent
variables based on system uncertainty and historical operating states. These latent variables are
then processed in subsequent stages, processing their temporal characteristics to determine the
control parameters that define each local controller.

Numerous computational experiments show that the proposed approach safely and trustworthily
integrates an intelligent agent into the operation of a distribution system, considerably surpassing
similar state–of–the–art operating frameworks. The algorithm is tested in three modified versions
of the IEEE feeders in high solar penetration scenarios with almost 100% solar penetration. The
results reveal several characteristics:

1. We have investigated the operating conditions that allow for the safe and reliable integration
of artificial intelligence algorithms for the active management of a distribution network. In
the context of high penetration of distributed photovoltaic generation, we were able to train
and put into operation an intelligent agent that captures and transfers global optimality to
local control set–points, which translates into effective voltage regulation with high economic
efficiency compared to the models in the literature. From this assertion, we can conclude
that the study presents a consistent framework for the integration of ML-based technologies
in energy systems.
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2. One of the main concerns regarding the applicability of ML-based methods in energy systems
is the physical interpretability of the model, as this is linked to the reliability of the model’s
deployment in the real world. This issue is addressed exhaustively in the conceptualization
stage. In it, we transfer characteristics of the topology of the system and the causal nature
of the operation of the system into the structure and training algorithm of the intelligent
agent, managing to capture the physics inherent in the operation of a distribution network.
This assertion is supported by the analysis of the agent’s sensitivity and convergence. In both
studies, it is empirically demonstrated how systemic performance is linked to the performance
of the metrics used for training, meaning that as the agent converges, systemic performance
improves.

3. The out-of-sample simulation results indicate that the proposed approach surpasses compara-
ble methods based on proportional control and OPF. Utilizing standard distribution system
metrics, we show that the proposed methodology efficiently manages a distribution network
with high renewable energy penetration while minimizing operating costs. This is accom-
plished by embedding the system’s physics into the intelligent agent’s design and training,
ensuring regularized and effective control actions under uncertainty.

4. The sensitivity studies are limited to the IEEE 4–bus test feeder. This is due to the limited
scalability of the problem, caused by the high computational load involved in training an
intelligent agent under the adopted approach. This is partially overcome with warm start
strategies between agents from different systems, achieving reductions of 40% in training
time. Note that real–time operation is not affected as it uses a trained model.

Based on the experimental results and the aforementioned observations, future research will address
the following issues:

1. Exploring the construction of new control policies based on families of functions for real-time
control rules. Using procedure [58], the option of constructing control policies based on the
adjustment of a regularized operating curve can be explored.

2. The evaluation of the risk introduced by the delays and failures of the communication net-
work by means of the integration of the model in an operational environment of real-time
simulation.

3. A solution approach that avoids scalability problems. The construction of a distributed
multi–agent operation environment is proposed, which locally hosts intelligent agents for the
local operation of DGs or microgrids.

4. Explore the incorporation of a more precise OPF operation problem. In the current applica-
tion, the based model uses SOCP-OPF relaxations on the LDF model that has the potential
to improve the solution without a dramatic impact on computational manageability.

5. Extend the training operation horizon to explicitly incorporate regularization mechanisms
on the control parameters.
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