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Abstract— Latin America’s energy transition involves the
massive integration of sustainable energy, different than hydro, at
large and small scale, consumer empowerment, and the adoption of
emerging information and communication technologies (ICT) in the
entire electricity sector. These factors boost the usage of Artificial
Intelligence (AI) to transform the traditional energy industry in a
more complex cyber-physical ecosystem. But unlocking the full Al
potential requires understanding working principles, current
existing applications, and its comprehensive impact on the energy
value chain. This paper discusses the role of Al in this context,
emphasizing on the key factors for successful implementation in the
region and proposes an Al maturity model for the energy transition
that allow to determine the status and gaps for the AI adoption.

Index Terms— Artificial intelligence, maturity model, energy
transition, power systems, smart grid, machine learning, Latin
America

L INTRODUCTION

nergy transition is marked by the so-called 3D paradigm:

Decarbonization, decentralization and digitalization.
Decarbonization refers to the integration of renewable energies
into the energy matrix for the purpose of replacing the
traditional fossil fuel-based resources with cleaner energy
sources such as solar and wind power, characterized by low
emissions and the usage of inverter-based technologies. On the
other hand, decentralization refers to the massive integration of
distributed energy resources (DERs) and Behind-the-meter
technologies into distribution networks that aims at enabling a
more active participation of electrical demand. Finally,
digitalization implies transforming the current electricity
business, through information and communications
technologies (ICT), into a more efficient, intelligent, and
consumer-oriented business.

Whereas the energy transition poses new challenges and
opportunities to the electricity sector, it is necessary the study
of key success factors that allow an effective evolution toward
a more sustainable, resilient, and intelligent transmission and
distribution networks in which ICT are playing an enabler role.
Among the emerging ICT trends, Artificial Intelligence (AI)
receives special attention in different fields of knowledge since
it provides machine with human-like capabilities to perform a
broad variety of specialized tasks, even outperforming model-
based classical approaches.

Although Al applications for the energy industry have been
developed since 1980s [1] (mostly rule-based, logic-based and
experts systems approaches), those based on modern
approaches are considered the most promising. Machine
Learning techniques, a subset of Al studying the algorithms and

models that allow machines perform a task without being
explicitly programmed to achieve it, have a tremendous
potential that could bring to power and distribution systems [2]:
Grid flexibility, improved reliability and security, renewable
resources integration, automated data analysis, fast and
intelligent decision-making, efficient demand response,
improved generation and demand forecast, and cost reduction
from optimal operation. Such AI potential can support and
accelerate the energy transition, provided that an understanding
of the AI principles and enabling factors for developing and
deploying Al applications for the energy transition exists.

However, despite its potential, AI’s use in the energy sector
is limited [3]. In Latin America, the lack of talent and high cost
of technology have been identified as main obstacles to Al
adoption [4]. Besides, recent advances in a fast-evolving Al
industry altogether with the ongoing changes derived from the
energy transition, make difficult to understand the
comprehensive impact and potential of Al in this context,
leading to misguided or incomplete strategies to cope with
current and upcoming challenges. Such potential and impact are
worth studying, specially emphasizing on the Latin America
context for the purpose of accelerating the transition towards a
greener energy future. Although energy transition brings new
investments and new services markets in which Al can play a
decisive role, this work is centered on the technical and
technological aspects, providing valuable insights to
understand where and how Al can be used in the energy value
chain to address the challenges derived from the energy
transition in the Latin America region.

Additionally, this paper presents an Artificial Intelligence
Maturity Model for Energy Transition (AIMMET) to quantify
the degree of Al adoption within companies of the electricity
sector under the ongoing changes. AIMMET results aim at
understanding how and where Al is used, but also about how
fast or advanced is the adoption within a company in
comparison to others in the sector.

This paper is structured as follow. Section II describes the
challenges and relevant aspects of the Latin America’s energy
transition. Section III reviews modern Al methods and
principles. Section IV discusses Al applications for energy
transition, emphasizing the Latin America’s energy industry.
Section V presents the proposed AI maturity model for the
energy transition. Finally, conclusions are presented in
Section V.
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II. ENERGY TRANSITION IN LATIN AMERICA

Energy transition in the 23 Latin American countries share
the same global concerns on energy’s decarbonization,
decentralization and digitalization. Latin American Energy
Organization (OLADE) has announced the regional renewable
goal of 70% by 2030 [5], as evidence of the region commitment
towards the environment. Although hydropower is the
predominant energy source in Central and South America
(approximately 60%), non-hydropower renewables (wind, solar
photovoltaic and solar thermal) are gaining space by replacing
fossil fuel-based resources, as seen in Fig.1. Brazil, México,
and Uruguay lead the wind installed capacity in the region with
more than 70% of the total, whereas Chile has the largest solar
capacity installed (1 GW) in Latin America, taking advantage
of the great potential of the Atacama Desert.
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Fig. 1. Electricity generation by source in Central and South America
[source: IEA (2019)].

From the regulatory perspective, policies to foster greener
energy resources play a decisive role to attract investments and
further development of market-based financing schemes for
renewables. Power sector policies in the region include
auctions, with over 54 renewable energy auctions identified in
12 countries, and grid access policies, identified in 13 countries
[6]. However, a successful energy transition in Latin America
implies to overcome other challenges, summarized in Fig.2.,
with singular characteristics for this region.
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Fig. 2. Challenges in Lantin America Energy Transition.
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Despite the vast area covered by the Latin America’s
countries that houses complex geography and a wide variety of
climate, ranging from dry desert-like areas to humid forest,
urban centers concentrate the largest density population thus
largest centers of energy consumption, away from where
generation resources are located, posing several challenges for
large-scale transmission infrastructure installation across the
countries. DERs emerge as an alternative to move the energy
supply near to major load centers, minimizing transmission

2405

losses (around 16%, double the global average [7]) and
congestions associated with long transmission corridors that
connect remote areas with abundant natural resources to the
main cities, or maximizing grid reliability of weakly
interconnect or radial (single path of connection) systems,
typically small distant villages, less-densely populated rural
areas or industrial facilities. Although existing DERs in Latin
America include already biomass, small-scale hydro or thermal,
energy transition would integrate also solar and wind at
distribution or household levels, where these resources would
enable decentralized control and ancillary services provision. A
research conducted by the firm Guidehouse Insights [7]
conclude that the region has the world’s fastest growing
microgrid market, with regional capacity growing from 194.9
MW in 2019 to 2919.4 MW by 2028.

At the same time, urbanization means accessible digital
services and the Internet coverage to more people, boosting the
digitalization in several productive sectors, including
electricity. According to the Organization for Economic
Cooperation and Development (OECD) analysis about digital
transformation in Latin America [8], countries in the region are
taking policy actions to provide affordable access to the Internet
with reasonable broadband speed, bringing the Internet to
almost 270 million people in the region with no access by the
end of 2016. On the other hand, electric mobility can greatly
contribute to reduce the greenhouse gas emissions associated to
air pollution in urban areas, the largest environmental risk for
public health in the Americas [9], by replacing the fossil fuel-
based vehicle fleet for cleaner technologies. Nevertheless,
massive integration of electric vehicles (EVs) and electric buses
into the network remain a challenge.

Climate change is also a common concern in the region,
especially in countries with hydro-dependent systems in which
the security risk and vulnerability of energy supply during
extreme and longer-lasting dry seasons can be mitigated with
solar and wind sources. However, technical challenges (e.g.:
forecasting, inertia provision, frequency, and voltage control)
associated with the wvariability and uncertainty of these
Renewable Energy Resources (RES) must be tackled to achieve
high level of integration.

Besides challenges associated with the energy transition in
Latin America, additional efforts have been made to achieve
regional energy integration. Central American Electrical
Interconnection System (SIEPAC) connects six countries since
2014, mostly at 230 kV, to create a competitive regional market.
In the Southern Cone, the Andean Electrical Interconnection
System (SINEA) initiative plans to interconnect Chile,
Colombia, Ecuador, Peru, and Bolivia, to form a sub-regional
energy integration that could bring supply security and reduced
renewable curtailment. More in the south, Brazil is the center
of energy export/import among Paraguay, Argentina, Uruguay
and Venezuela, trading energy surpluses through the existing
interconnections without a regional market framework.
Migrating towards a regional market can bring economic
growth, increased flexibility, and benefits from renewable
energy complementarity [10].
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I11. MODERN Al

Artificial Intelligence can be defined as the field of computer
science dealing with giving machines human-like cognitive,
reasoning and behavior capabilities. Although this covers a
wide range of applications in several knowledge fields, the
present article emphasizes AI’s modern approaches and
applications in power systems and smart grids, disregarding
classical Al like Experts Systems, rule-based systems and
knowledge representation. From the practical perspective
addressed in this paper, modern Al comprises a vast set of
algorithms and techniques for solving problems which include
reasoning, planning, natural language processing (NLP),
learning, control, and robotics.

Machine Learning (ML), the study of algorithms with the
ability of gaining knowledge or skills from experience,
encompass a broad spectrum of approaches that can be grouped
in three categories: Unsupervised learning, supervised learning,
and reinforcement learning (RL). Unsupervised learning
consists of deducing rules or structures from input data with
approaches such as clustering, anomaly detection and
association rule algorithms. In supervised learning, labeled data
serve as expected output example for the training process.
Supervised learning can predict numerical variables
(regression) or categorical variables (classifiers). In contrast,
reinforcement learning is a reward/punishment model relying
on the interaction between software agents with the
environment. A general overview of ML taxonomy is illustrated
in Fig.3.
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Fig. 3. Machine Learning taxonomy.

Among the modern Al methods stand out Artificial Neural
Networks (ANN), an array of nodes (neurons or units) with
activation functions that capture hidden behavior or patterns
from input data. Nodes grouped at the same depth level are
called layer. According to the number of layers, ANN can be
shallow (a few layers) or deep (multiple hidden layers). When
deep ANN are used for learning, it receives the name of Deep
Learning (DL). DL models can be classified into three types of
models: Discriminative models, generative models, and deep
reinforcement models. While discriminative models learn the
boundaries among classes by extracting relevant features from
labeled input data, generative models can generate new data
instances from training input data.

Typical DL generative models use cases are generation of
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scenarios, synthetic time-series, synthetic audio or synthetic
images/videos, and missing data imputation. In contrast, typical
DL discriminative models use cases are NLP, artificial vision,
clustering, anomaly detection, feature extraction, prediction,
and forecasting.

On the other hand, the Deep Reinforcement Learning (DRL)
models combines DL with RL principles to provide algorithms
capable of improving the performance in conducting a task with
a trial-and-error approach, applied to robotics, optimal
controllers of systems and decision-making systems. DRL
enables decentralized Al architecture with distributed
intelligence through Multi-Agent Systems (MAS), multiple
intelligent and autonomous entities (agents) interacting each
other in a coordinated way to solve common objectives.

Finally, Nature Inspired Intelligence (NII) take advantage of
the way biological and natural systems work collectively to find
solutions or adapt to overcome limitations. Common uses for
NII are optimization and searching, carrying out exploration
and exploitation of the search space in an iterative way,
especially useful with complex or non-convex problems. More
popular NII stochastic optimization algorithms can be divided
in three groups: Evolutionary algorithms (EA), Swarm
Intelligence  algorithms  and  Physics/chemistry-based
algorithms. EA are exploration-based algorithms that search the
best solutions with best-agent selection inspired in Darwin
theory of evolution. Swarm-based algorithms are exploration-
based algorithms that search the solution moving simple agents
around the solution or parameter space, until a global intelligent
behavior emerges. Physics/chemistry-based algorithms use a
single agent iteratively improving by moving through the
search space.

1V. Al APPLICATIONS FOR ENERGY TRANSITION

Al applications are proliferating in the entire energy value
chain, leveraging the increasing amount of data and the
deployment of new ICT infrastructure. Energy value chain
involves manly three activities: Generation, transmission and
distribution, and electricity demand. The Al impact on each of
these activities in this context has been studied in [11]-[13],
highlighting applications related to wind and solar generation
maximization with less curtailment, demand-side management
for cost and congestion reduction, sustainable energy
infrastructure and reliable energy supply. Fig.4. summarizes the
Al applications for addressing the energy transition challenges
from a systemic and technical point of view.
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Fig. 4. Al applications for energy transition.
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A. Forecasting

Forecasting refers to predict the future from past and present
data for a given time horizon that can vary from very short-term
(up to an hour) to long-term (more than 1 year). Forecasts are
valuable inputs to real-time operation, day-ahead unit
commitment, operation planning and adequacy assessment
studies.

1) Load/demand Forecasting: Electricity load forecasting
applications encompass prediction of peak demand, active and
reactive power profile curves, and energy consumption patterns
for different time horizons. In this context, Al provides an
alternative to deal with the additional complexity to obtain
accurate forecasts in scenarios of massive behind-the-meter
resources integration. Data-driven and Al-based models can be
classified as [14]: Time series analysis-based models,
regression models, ANN models, Support Vector Machines
(SVM) and Genetic Algorithms (GA). Other applications such
as prediction of user behavior consumption, activities of daily
living, current or next location and price forecasting, are
summarized in [15] for smart home applications. ANN-based
methods are used for load profile disaggregation [16]. These
Al-based approaches enable to improve energy efficiency,
demand-side programs, and system optimization.

2) Generation Forecasting: Due to the intermittent nature
of RES, additional variability and uncertainty are impacting the
operational reliability and flexibility. In addition to the
technical impacts, saving cost from reducing the renewable
energy curtailment, start and shutdown of non-renewable
plants, network congestion and ancillary services requirements
are also associated with forecasting accuracy [17]. In the case
of renewable resources, wind speed/power and solar irradiance
forecasting methods can be mainly divided in physical
approaches, statistical and data-driven approaches, and hybrid
approaches [18]. Although the data-driven and Al-driven
methods are not an atmospheric phenomena model per se, they
can capture the nonlinear interactions between variables,
solving this physical model’s limitation, covering a statistically
significant portion of the solution space [19]. Several ANN-
based models have been proposed in literature for wind and
solar forecasting [20], [21].

Among Latin America’s system operators, wind forecasting

TABLEI
SOLAR AND WIND FORECASTING METHODS BY COUNTRY

Country Methods Type of Model
Argentina Physical MOS with WRF and GFS input data
Brazil Hybrid WEOL: Welgl_lted Average with NWP
input data
. MOS with NWP input data
Chil Physical, Proprietary’s Al and ML-based Tools
e Hybrid, Al prictary :
Hybrid MOS with NWP input data, and
Colombia Statistical Ordinary Least Square (OLS)
Dominican . Proprietary model
Republic Physical
oo Jrd oo amomic ot
exco Statistical P q
Uruguay Physical MOS with WRF input data
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is obtained with physical models in most cases, as summarized
in Table I [22]-[26], using Model Output Statistics (MOS) post-
processing techniques on data collected from physical models
such as WRF (Weather Research and Forecasting), GFS
(Global Forecast System) or NWP (Numeric Weather
Prediction). However, generation forecasting error analysis
[27]-[30] has shown notable inaccuracy, leaving researchers an
opportunity for proposing improvement on existing tools and
techniques.

Regarding solar forecasting, it has been identified as one of
the technical barriers for solar massive deployment in Chile,
altogether with the harsh environment conditions and the lack
of access to water, due to the location of solar resources in the
middle of the Atacama desert [31]. Solar forecasting is a
relative few explored field in Latin America, so further research
on Al-driven and data-driven techniques are recommended for
low-cost solutions development, especially regarding video and
photo analysis of clouds and other climatic variables (e.g. the
low-cost solution with DL-based artificial vision proposed in
[32] for cloudy weather detection).

B. Smart Grid Applications

Grid modernization is not relied only on high-voltage
infrastructure changes, distribution and lower voltage levels
networks are also facing challenges derived from the
integration of cleaner energy sources, energy storage systems
(ESS), electric transportation technologies and Advanced
Metering Infrastructure (AMI) that enable active participation
of small-scale energy resources, cogeneration and electricity
demand in the wholesale, ancillary service and capacity
markets, bringing additional benefits to market’s participants,
power system operators, transmission operators and
distribution operators. Smart Grid (SG) concept encompasses a
wide variety of subjects, but this section is centered on how Al
is making distributed Smart Grids smarter. The adoption of
these technologies could bring energy democratization,
efficient energy use and energy cost reduction.

Brazil, Colombia and Chile are the leaders in Smart Gird
infrastructure planned investments in South America over the
next decades [33], focusing their efforts on nationwide AMI
rollout, grid automation, DERs connectivity, IT and utility-
scale storage, seeking at minimizing current high non-technical
losses, facilitating DERs integration and bringing more services
to customers. However, improving the efficiency of the grid and
empowering users is only possible if intelligent functions and
data-driven decision making are integrated into the systems.

Al techniques applied to SG are reviewed in [34]-[37],
addressing applications in every SG domain. Nonetheless, there
is one application that serves as mechanism to integrate Al into
SG: Energy and DER Management Systems (EMS and
DERMS). SG EMSs are evolving to intelligent and autonomous
management systems where Al-based technologies enable
enhanced functionalities in every SG domain as summarized in
Table II [38]-[48].

Unlike the definition used for large-scale EMS, this term also
describes several types of distributed Smart Grid solutions
aiming at visualization, aggregating, monitoring, control and
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TABLEII
SUMMARY OF AI APPLICATIONS FOR EMS
EMS Types Al Applications
Vehicle to grid (V2G): Fair energy provision or market
Electric bidding optimization.
Vehicle Grid to vehicle (G2V): Charge schedule or congestion
EMS management.
Multi-objective  optimization with nature inspired
Home, algorithms for management for energy efficiency, cost
Building &  reduction, improved comfort, and productivity.
Factory DRL applied to energy optimization allows to develop
EMS on-line applications by overcoming the heuristic
optimization processing time limitation.
Demand Response (DR) with ML, ANN, MAS and RL.
Designing DR pricing mechanism with NII optimization.
Customer segmentation and categorization with several
types of clustering algorithms.
Microgrid,  Optimal dispatch, Voltage/frequency control,
EMS & Real/reactive power control, Device specific functions
DERMS with Al under cloud-based and centralized approaches.

forecast of energy supply and demand to unlock potential value
through energy efficiency, cost saving, improved reliability,
and demand response programs. With multiple of these
management systems interacting each other in the Smart Grid
environment, approaches based on coordinated and hierarchical
intelligence, such as MAS, will gain relevance.

EMS functions imply collecting, processing, and analyzing a
significant amount of data from sensors and utility-scale and/or
household-scale resources, transmitted through traditional or
Internet of Things (IoT) infrastructure. If data is on the Internet,
public or private Cloud Computing platforms are available with
on-demand Al and data analytics solutions. Another IoT-based
solution is Edge Computing, on-premises solutions that offload
cloud server by processing data on the device, entity, or user
itself when low latency or timely decision-making is required.
IoT-based architectures with intelligent edge computing [47] or
with customized ML and Al models [48] have been studied in
literature. These state-of-the-art solutions will constitute the
basis for smart cities and other innovation in the electricity
sector.

C. Frequency and Voltage Control

Frequency and voltage control are two of the main functions
at system operators control centers. Both control processes
imply scheduling and operating the resources necessary to meet
the system performance requirements that are constantly
changing due to the load fluctuations, VER variations and
unexpected events that affect the grid. The emerging generating
and transmission technologies in the energy industry are
introducing uncertainty in both the operation and the models,
but at the same time, enabling new services and markets. Data-
driven approaches emerges as an alternative to cope with the
challenges associated with the massification  of these
technologies.

1) Frequency Control: Al-based techniques proposed to
solve some challenges associated with frequency control can be
group in three use cases: Reserve requirements [49]—[51],
frequency control performance monitoring and evaluation [52],
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[53], and Al-based control techniques [54]-[58] for Automatic
Generation Control (AGC), Load Frequency Control (LFC) or
Fast Frequency Response (FFR).

Non-linear dynamic behavior can be captured with data-
based models much simpler than traditional complex system
models, facilitating the development of practical tools. As
regards frequency control performance evaluation, alternative
ML-based solutions have been proposed by the Colombian
System Operator in [52], [53], using different metrics than
NERC’s Control Performance Standard (CPS) metrics which it
is not necessarily assessing the requirements for Latin
America’s countries, characterized by few interconnection links
and fast dynamics.

2) Voltage Control: Main objective in voltage control is to
maintain the voltage within operational and control limits at the
grid’s nodes. System-level voltage control is commonly
performed manually at Latin America’s control centers and, in
most of the cases, giving priority to switching on/off the
compensation devices and changing the transformers’ tap
(discrete control actions), over changing generators setpoints.
In contrast, voltage control in Europe, Asia, and Australia is
based on generator’s voltage regulation capability (continuous
control actions) and thus solutions from these countries are not
entirely suitable for the Latin American region.

Modern Al and data-driven approaches offers new
alternatives to perform autonomous voltage control in power
system and distribution grids using Multi-agent DRL [54], DRL
[59]-[61], data-driven online system identification with
regression techniques [62] and support vector machines [63]. A
DRL agent for automatic voltage control in [64], shows how the
ANN can learn the proper control actions by interacting with
the power system.

D. Wide Area Monitoring, Protection and Control
(WAMPAC)

WAMPAC systems employ synchronized Phasor
Measurement Units (PMUs) for disturbance

detection/prediction and localization, system states monitoring,
islanding detection, and Dynamic Security Assessment (DSA),
gaining relevance in low-inertia scenarios with a considerable
number of DER and RES.

Meéxico, Brazil, Uruguay, Chile, Ecuador, Colombia, and
Argentina have deployed PMUs for monitoring and protection
schemes purposes. For example, in the case of the SIEPAC
network, a wide-area protection scheme detects unstable
operating conditions and opens the interconnection with El
Salvador to isolate the Guatemalan power system from the rest
of Central America before a general blackout occurs [65].
However, other functions for guarantying frequency stability
and control under low-inertia scenarios are required. With the
existing models, model-based techniques may not be reliable in
small-signal dynamic analysis and coherency identification due
to the non-linear behavior of the system in presence of wind
power [66] and other inverter-based resources. To overcome
these and other challenges and limitation, model-free
alternatives or measurement-based methods for the above-
mentioned applications are summarized in Table III [67]-[74].
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TABLE Il
SUMMARY OF AI APPLICATIONS FOR WAMS
Application Techniques
State Estimation Kalman filtering  algorithms, the

traditional Least Square approaches,
ANN and Belief Network algorithms.

WAMS (Coherency
identification, Event
Localization and
Dimensionality Reduction)

Clustering algorithms, Principal and
Independent Component Analysis (PCA
& ICA), Local Outlier Factor (LOF),
RNN and CNN.

WACS RL-based damping control.
Decision Tree, Anomaly Detection
DSA algorithms and density-based clustering

(DBSCAN).

Al-based Wide-Area Control System (WACS), focus mainly
on voltage stability and oscillation damping control, has shown
better transient and damping response under non-linear and
non-stationary power system dynamics in the presence of
uncertainties [75] and to low-frequency oscillation damping
control under solar power uncertainty shows better performance
than conventional control techniques [73].

E. Asset Management and Health Monitoring

The term asset management defines the systematic process
that aim at maximizing the value of assets during their whole
life cycle, involving assets operation and upgrade, asset/health
monitoring and maintenance scheduling. The metering and
sensing systems installed across the grid generate enough data
from the fleet of assets to allow seeing the bigger picture of the
entire system in time horizons near to real time, but also the
health of each equipment.

The role of Al in the asset’s lifecycle management is
reviewed in [76], highlighting the following applications: ML
and DL to predict asset performance, ANN and other
supervised learning algorithms to improve predictive
maintenance, and the potential use of Genetic Algorithms
(GA)-based simulation-optimization approach to find optimal
solutions of asset spare provisioning and replacement to
minimize the cost.

Machine learning methods for wind turbine condition
monitoring are reviewed in [77], addressing both diagnosis
(fault detection) and prognosis (fault prediction) approaches by
intrusive or non-intrusive monitoring methods.

F. Robotics

Both physical and software robots are autonomous systems
designed with problem-solving capabilities to carry out
complex tasks . In energy industry, besides the physical robots
employed in the manufacture sector, unmanned aerial vehicles
(UAV) with artificial vision and other AI algorithms can
facilitate the infrastructure inspection in the Latin America’s
complex geography, without interrupting the operations,
reducing cost, and increasing efficiency.

V. AI MATURITY MODEL
The proposed Al Maturity Model for the Energy Transition
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(AIMMET) consists of measuring the level of usage of Al
within companies of the electricity sector based on six domains:
Al readiness, forecasting and prediction, decision support tools,
planning and operation, smart grid, and asset management.
These domains result after overviewing the Al applications for
energy transition (twenty-seven functions were identified as
seen in Fig.5.), grouped in five broad technical categories. An
additional domain (Al readiness) is proposed to measure how
prepared is the organization and the available ICT infrastructure
to Al adoption. The level of maturity for each domain can fall
into one of the following categories with their corresponding
value associated: Non-existent (0), planned (1), implementing
(2), partially implemented (3), and fully implemented (4).

The proposed AIMMET is not exclusive for the Latin
America region use since it was derived from a review of the
state of the art in Al but for illustrative purposes, it was tested
on actual survey data from four Latin American companies:
Two ISOs (Independent System Operators), one TSO
(Transmission System Operator) and one DSO (Distribution
System Operator). Although this number of system operators
may not be a representative sample, these were the only answers
received after requesting information from several system
operators in the region.

Fig.5. shows a stacked bar chart with AIMMET results that
allows to easily compare which domains have higher maturity
levels than others, or which companies have higher level of Al
adoption. This example illustrates how AIMMET allow to
identify the low level of Al adoption at the DSO in almost every
domain, but at the same time, the ISOs strengths in the Al
readiness and forecasting & prediction domains. Weaknesses
and strengths identified with AIMMET could serve as baseline
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Fig. 5. AIMMET stacked column chart.

o
@D
o

of future improvements plans.

A. Key Enablers for AI Adoption

AIMMET results serve as input to define an Al for energy
transition roadmap in which the following key enablers to
guarantee a successful adoption should be considered according
to [11], [78]: Data, technology, organization, and regulatory
framework.

1) Data: Extracting the full value of this important asset
implies guarantying its proper handling with the FAIR
(Findable, Accessible, Interoperable and Reusable) principles,
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counting on high-quality structured data across the business,
and data exchanging among information systems. Harmonizing
and implementing standards related to data exchange or data
sharing in Latin America could facilitate regional integration,
as well as cross sector operations, e.g., energy and gas or
electricity and transport. Currently, several countries in the
region have already open data portals (under the internet
domains datos.gov.xx, datos.gob.xx or datosabiertos.gob.xx)
with available information corresponding to energy
consumption, prices, and generation.

2) Techonology: The ICT trends that enable Al adoption are
IoT (for enabling Internet connection), AMI (metering), Al
frameworks (software), and virtualization of infrastructure
(such as cloud and edge computing) technologies. Ongoing
AMI deployment projects in Brazil, Mexico, Colombia, Chile,
and Peru, are bringing an unprecedent opportunity to introduce
new services/products, roles, and actors in these countries’
energy industry. Cloud and edge computing facilitates the
scalability of solutions without physical infrastructure
deployment. Open-source Al frameworks can reduce the costs
of developing tools, avoiding dependency on cloud providers.

3) Organization: Digital transformation is putting users and
customers in the center of business with technology as the
foundational basis. This disruption is forcing companies to
adapt the organizational structure, culture, processes,
technology, and capabilities to emerging trends. Building a data
management and data governance in the company, reskilling
and upskilling current professional with Al-related skills and
developing a data-driven culture are some challenges to tackle.

4) Regulatory framework: Argentina, Brazil, Chile,
Colombia, Costa Rica, México, and Perti have adopted the
OECD’s principles on Al, the first international standards
agreed by governments for the responsible stewardship of
trustworthy Al. According to OECD’s Al observatory data, the
policy initiatives registered in the Latin America territory
covering the strategy for national digital transformation and Al
national plans by country are Colombia (30), Argentina (11),
Chile (10), Brazil (10), Peru (9), Costa Rica (7), México (6) and
Uruguay (4). In general terms, OECD’s recommendations for
policy makers include: Investing in Al research and
development, fostering a digital ecosystem for Al, building
human capabilities, and preparing for labor market
transformation and international co-operation.

VI. CONCLUSION

Latin America’s energy transition implies wind and solar
power integration at different scales into hydro-dominant
systems aiming at reducing climate change vulnerability,
customer empowerment for cost reduction, and infrastructure
capacity maximization. Al can accelerate these changes by
providing smarter capabilities in the entire energy chain value.
The proposed Al maturity model for energy transition has
shown to be suitable to identify the current Al status and gaps
in the adoption of the state-of-the-art Al applications in the
energy transition.

ACKNOWLEDGMENT

IEEE LATIN AMERICA TRANSACTIONS, VOL. 20, NO. 11, NOVEMBER 2022

The authors would like to thank the project “Estrategia de
transformacion del sector eléctrico colombiano en el horizonte
de 2030” sponsored by Colciencias Ecosistema Cientifico,
convocatoria 778. Contrato FP448422-210-2018.

REFERENCES

[1] B. F. Wollenberg and T. Sakaguchi, “Artificial intelligence in power
system operations,” Proc. IEEE, vol. 75, no. 12, pp. 1678-1685, Dec.
1987, doi: 10.1109/PROC.1987.13935.

[2] IRENA (2019), “Innovation landscape brief: Artificial intelligence and
big data,” International Renewable Energy Agency, Abu Dhabi.

[3] World Economic Forum, “Hamnessing Artificial Intelligence to
Accelerate the Energy Transition.” Sep. 01, 2021. [Online]. Available:
https://www3.weforum.org/docs/WEF_Harnessing_Al to_accelerate th
e Energy Transition 2021.pdf

[4] “The global AI agenda: Latin America | MIT Technology Review.”
https://www.technologyreview.com/2020/06/08/1002864/the-global-ai-
agenda-latin-america/ (accessed Mar. 12, 2021).

[S] “2021 Latin American and the Caribbean Energy Outlook,” OLADE,
Dec. 16, 2021.

[6] IRENA (2016), “Renewable Energy Market Analysis: Latin America.”
IRENA.

[71 “DER and EVs Benefit with Renewables Expected to Grow 276% in
Latin America.” https://guidehouseinsights.com/news-and-views/der-
and-evs-benefit-with-renewables-expected-to-grow-276-in-latin-america
(accessed Sep. 06, 2020).

[8] OECD (2019), “Shaping the Digital Transformation in Latin America:
Strengthening Productivity, Improving Lives.” OECD Publishing.
[Online]. Available: https://doi.org/10.1787/8bb3c9fl-en

[9] “Calidad del aire - OPS/OMS | Organizacion Panamericana de la Salud.”

[10] C. Viviescas., “Contribution of Variable Renewable Energy to increase
energy security in Latin America: Complementarity and climate change
impacts on wind and solar resources,” Renew. Sustain. Energy Rev., vol.
113, p. 109232, Oct. 2019, doi: 10.1016/j.rser.2019.06.039.

[11] P. L. Donti and J. Z. Kolter, “Machine Learning for Sustainable Energy
Systems,” Annu. Rev. Environ. Resour., vol. 46, no. 1, pp. 719-747,2021,
doi: 10.1146/annurev-environ-020220-061831.

[12] A. Mosavi, M. Salimi, S. Faizollahzadeh Ardabili, T. Rabczuk, S.
Shamshirband, and A. R. Varkonyi-Koczy, “State of the Art of Machine
Learning Models in Energy Systems, a Systematic Review,” Energies,
vol. 12, no. 7, 2019, doi: 10.3390/en12071301.

[13] EPRI, “An Introduction to Al, its Use Cases, and Requirements for the
Electric Power Industry.” Electric Power Research Institute (EPRI), Aug.
2019.

[14] C. Kuster, Y. Rezgui, and M. Mourshed, “Electrical load forecasting
models: A critical systematic review,” Sustain. Cities Soc., vol. 35, pp.
257-270, Nov. 2017, doi: 10.1016/j.s¢s.2017.08.009.

[15] S. Wu et al., “Survey on Prediction Algorithms in Smart Homes,” /[EEE
Internet Things J., vol. 4, no. 3, pp. 636644, Jun. 2017.

[16] B. Najafi, S. Moaveninejad, and F. Rinaldi, “Chapter 17 - Data Analytics
for Energy Disaggregation: Methods and Applications,” in Big Data
Application in Power Systems, R. Arghandeh and Y. Zhou, Eds. Elsevier,
2018, pp. 377-408. doi: 10.1016/B978-0-12-811968-6.00017-6.

[17] Q. Wang, C. B. Martinez-Anido, H. Wu, A. R. Florita, and B. Hodge,
“Quantifying the Economic and Grid Reliability Impacts of Improved
Wind Power Forecasting,” IEEE Trans. Sustain. Energy, vol. 7, no. 4, pp.
1525-1537, Oct. 2016.

[18] Y. Ren, P. N. Suganthan, and N. Srikanth, “Ensemble methods for wind
and solar power forecasting—A state-of-the-art review,” Renew. Sustain.
Energy  Rev., vol. 50, pp. 82-91, Oct. 2015, doi:
10.1016/j.rser.2015.04.081.

[19] C.F.M. Coimbra, J. Kleissl, and R. Marquez, “Chapter 8 - Overview of
Solar-Forecasting Methods and a Metric for Accuracy Evaluation,” in
Solar Energy Forecasting and Resource Assessment, J. Kleissl, Ed.
Boston: Academic Press, 2013, pp. 171-194. doi: 10.1016/B978-0-12-
397177-7.00008-5.

[20] V. Bali, A. Kumar, and S. Gangwar, “Deep Learning based Wind Speed
Forecasting-A Review,” in 2019 9th International Conference on Cloud
Computing, Data Science & Engineering (Confluence), Jan. 2019, pp.
426-431. doi: 10.1109/CONFLUENCE.2019.8776923.

[21] C. Kasburg and S. Frizzo Stefenon, “Deep Learning for Photovoltaic
Generation Forecast in Active Solar Trackers,” IEEE Lat. Am. Trans.,
vol. 17, no. 12, pp. 20132019, Dec. 2019.



MEZA et al.: THE ROLE OF ARTIFICIAL INTELLIGENCE IN LATIN AMERICA’S ENERGY

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

Organizacion Latinoamericana de Energia (OLADE), Ed., ENERLAC.
Revista de energia de Latinoamérica y el Caribe. Afio 2018. No.1. Quito:
OLADE, 2018.

C. Suncast, “Suncast consolida servicio predictivo con mas de 1.000 MW
en Chile,” Mi Sitio, Apr. 22, 2022. https://www.suncast.cl/post/suncast-
consolida-servicio-predictivo-con-mas-de-1-000-mw-en-chile (accessed
Jun. 24, 2022).

“Analysis of the forecasting system in the Dominican Republic.”
https://www.energymeteo.com/customers/customer_projects/power-
forecasts dom-rep.php (accessed Jun. 24, 2022).

“UL Selected by National Energy Operator in Mexico to Provide Wind,
Solar Forecasts | UL.” https://www.ul.com/news/ul-selected-national-
energy-operator-mexico-provide-wind-solar-forecasts (accessed Aug.
21, 2020).

Operador Nacional do Sistema Elétrico (ONS), “Submodulo 18.2.
Relagdo dos sistemas e modelos computacionais.” ONS, Jan. 2020.
[Online]. Available:
http://www.ons.org.br/%2FProcedimentosDeRede%2FM%C3%B3dulo
%2018%2FSubm%C3%B3dulo%2018.2%2FSubm%C3%B3dulo%201
8.2%202020.01.pdf

Elia Grid International, “Support for the short term improvement of the
current renewable energy forecasting in Chile.” Deutsche Gesellschaft fiir
Internationale Zusammenarbeit (GIZ) GmbH, Jan. 14, 2016.
Universidad del CEMA, “Integracion de Renovables a la Operacion y el
Despacho.” [Online]. Available:
https://ucema.edu.ar/conferencias/download/2018/09.05ER.pdf

“Brazil Wind Energy: Notable Output but Inaccurate Forecasts.”
https://www fitchratings.com/research/infrastructure-project-
finance/brazil-wind-energy-notable-output-inaccurate-forecasts-09-08-
2019 (accessed Aug. 08, 2020).

IRENA (2018), “Evaluacion del Estado de Preparacion de las Energias
Renovables Panama.” Agencia Internacional de Energias Renovables,
Abu Dhabi.

J. Haas, “Sunset or sunrise? Understanding the barriers and options for
the massive deployment of solar technologies in Chile,” Energy Policy,
vol. 112, pp. 399414, Jan. 2018, doi: 10.1016/j.enpol.2017.10.001.

T. A. Siddiqui, S. Bharadwaj, and S. Kalyanaraman, “A Deep Learning
Approach to Solar-Irradiance Forecasting in Sky-Videos,” 2019 IEEE
Winter Conf. Appl. Comput. Vis. WACV, pp. 21662174, 2019.
Northeast Group, LLC, “South America Smart Grid: Market Forecast
(2020 —2029).” Volume V, May 2020.

S. Ramchum, P. Vytelingum, A. Rogers, and N. Jennings, “Putting the
‘Smarts’ into the Smart Grid: A Grand Challenge for Artificial
Intelligence,” Commun. ACM - CACM, vol. 55, pp. 86-97, Apr. 2012,
doi: 10.1145/2133806.2133825.

B. K. Bose, “Atrtificial Intelligence Techniques in Smart Grid and
Renewable Energy Systems—Some Example Applications,” Proc. IEEE,
vol. 105, mno. 11, pp. 2262-2273, Nov. 2017, doi:
10.1109/JPROC.2017.2756596.

D. Zhang, X. Han, and C. Deng, “Review on the research and practice of
deep learning and reinforcement learning in smart grids,” CSEE J. Power
Energy Syst., vol. 4, no. 3, pp. 362-370, Sep. 2018, doi:
10.17775/CSEEJPES.2018.00520.

S. S. Ali and B. J. Choi, “State-of-the-Art Artificial Intelligence
Techniques for Distributed Smart Grids: A Review.,” Electronics, vol. 9,
no. 6, p. 1030, Jun. 22, 2020.

E. S. Rigas, S. D. Ramchurn, and N. Bassiliades, “Managing Electric
Vehicles in the Smart Grid Using Artificial Intelligence: A Survey,” IEEE
Trans. Intell. Transp. Syst., vol. 16, no. 4, pp. 1619-1635, Aug. 2015, doi:
10.1109/TITS.2014.2376873.

S. M. Zahraee, M. Khalaji Assadi, and R. Saidur, “Application of
Artificial Intelligence Methods for Hybrid Energy System Optimization,”
Renew. Sustain. Energy Rev., vol. 66, pp. 617-630, Dec. 2016, doi:
10.1016/j.rser.2016.08.028.

E. Mocanu, “On-Line Building Energy Optimization Using Deep
Reinforcement Learning,” [EEE Trans. Smart Grid, vol. 10, no. 4, pp.
3698-3708, Jul. 2019, doi: 10.1109/TSG.2018.2834219.

1. Antonopoulos, “Artificial intelligence and machine learning
approaches to energy demand-side response: A systematic review,”
Renew. Sustain. Energy Rev., vol. 130, p. 109899, Sep. 2020, doi:
10.1016/j.rser.2020.109899.

X. Xu, Y. Jia, Y. Xu, Z. Xu, S. Chai, and C. S. Lai, “A Multi-Agent
Reinforcement Learning-Based Data-Driven Method for Home Energy
Management,” [EEE Trans. Smart Grid, vol. 11, no. 4, pp. 3201-3211,
Jul. 2020.

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

2411

L. Yu, “Deep Reinforcement Learning for Smart Home Energy
Management,” [EEE Internet Things J., vol. 7,no0. 4, pp. 2751-2762, Apr.
2020.

S. Lin, F. Li, E. Tian, Y. Fu, and D. Li, “Clustering Load Profiles for
Demand Response Applications,” IEEE Trans. Smart Grid, vol. 10, no.
2, pp. 1599-1607, Mar. 2019, doi: 10.1109/TSG.2017.2773573.

Y. Chen and J. M. Chang, “EMaaS: Cloud-Based Energy Management
Service for Distributed Renewable Energy Integration,” /EEE Trans.
Smart Grid, vol. 6, no. 6, pp. 2816-2824, Nov. 2015, doi:
10.1109/TSG.2015.2446980.

S. Bera, S. Misra, and J. J. P. C. Rodrigues, “Cloud Computing
Applications for Smart Grid: A Survey,” IEEE Trans. Parallel Distrib.
Syst., vol. 26, no. 5, pp. 1477-1494, May 2015.

Y. Liu, C. Yang, L. Jiang, S. Xie, and Y. Zhang, “Intelligent Edge
Computing for IoT-Based Energy Management in Smart Cities,” /[EEE
Netw., vol. 33, no. 2, pp. 111-117, Apr. 2019.

S. Khan, D. Paul, P. Momtahan, and M. Aloqaily, “Artificial intelligence
framework for smart city microgrids: State of the art, challenges, and
opportunities,” in 2018 Third International Conference on Fog and
Mobile Edge Computing (FMEC), Apr. 2018, pp. 283-288.

H. Holttinen, “Methodologies to Determine Operating Reserves Due to
Increased Wind Power,” IEEE Trans. Sustain. Energy, vol. 3, no. 4, pp.
713-723, Oct. 2012, doi: 10.1109/TSTE.2012.2208207.

H. Yuan et al., “Machine Learning-Based PV Reserve Determination
Strategy for Frequency Control on the WECC System,” in 2020 IEEE
Power & Energy Society Innovative Smart Grid Technologies
Conference (ISGT), Feb. 2020, Pp- 1-5. doi:
10.1109/1ISGT45199.2020.9087744.

L. Liu and Z. Hu, “Data-Driven Regulation Reserve Capacity
Determination Based on Bayes Theorem,” IEEE Trans. Power Syst., vol.
35, no. 2, pp. 1646—-1649, Mar. 2020.

V. M. Meza Jiménez and J. D. Duran Hernandez, “A Data-driven Tool
for Primary Frequency Regulation Evaluation,” presented at the Cigré
Session 2018, Paris, France, May 2018.

V. M. Meza Jiménez and B. C. Pérez Romero, “A Machine Learning
based Tool for AGC Performance Evaluation,” in 2019 FISE-
IEEE/CIGRE Conference - Living the energy Transition (FISE/CIGRE),
Dec. 2019, pp. 1-5.

D. Cao, W. Hu, J. Zhao, Q. Huang, Z. Chen, and F. Blaabjerg, “A Multi-
agent Deep Reinforcement Learning Based Voltage Regulation using
Coordinated PV Inverters,” IEEE Trans. Power Syst., pp. 1-1, 2020.

Z. Yan and Y. Xu, “Data-Driven Load Frequency Control for Stochastic
Power Systems: A Deep Reinforcement Learning Method With
Continuous Action Search,” IEEE Trans. Power Syst., vol. 34, no. 2, pp.
1653-1656, Mar. 2019.

S. S. Halil¢evic, C. Moraga, and B. Imamovi¢, “Neural-network-based
equipment for the power system frequency control,” in Mediterranean
Conference on Power Generation, Transmission, Distribution and
Energy Conversion (MedPower 2016), Nov. 2016, pp. 1-8. doi:
10.1049/cp.2016.1084.

D. Xu, J. Liu, X. Yan, and W. Yan, “A Novel Adaptive Neural Network
Constrained Control for a Multi-Area Interconnected Power System With
Hybrid Energy Storage,” [EEE Trans. Ind. Electron., vol. 65, no. 8, pp.
6625-6634, Aug. 2018, doi: 10.1109/TIE.2017.2767544.

0. Stanojev, O. Kunda\vcina, U. Markovic, E. Vrettos, P. Aristidou, and
G. Hug, “A Reinforcement Learning Approach for Fast Frequency
Control in Low-Inertia Power Systems,” ArXiv, vol. abs/2007.05474,
2020.

J. Duan, “Deep-Reinforcement-Learning-Based Autonomous Voltage
Control for Power Grid Operations,” /EEE Trans. Power Syst., vol. 35,
no. 1, pp. 814-817, Jan. 2020.

Q. Yang, G. Wang, A. Sadeghi, G. B. Giannakis, and J. Sun, “Two-
Timescale Voltage Control in Distribution Grids Using Deep
Reinforcement Learning,” [EEE Trans. Smart Grid, vol. 11, no. 3, pp.
2313-2323, May 2020.

M. Glavic, “(Deep) Reinforcement learning for electric power system
control and related problems: A short review and perspectives,” Annu.
Rev.  Control, vol. 48, pp. 22-35, Jan. 2019, doi:
10.1016/j.arcontrol.2019.09.008.

J. Zhang, Z. Chen, C. He, Z. Jiang, and L. Guan, “Data-Driven-Based
Optimization for Power System Var-Voltage Sequential Control,” /EEE
Trans. Ind. Inform., vol. 15, no. 4, pp. 2136-2145, Apr. 2019, doi:
10.1109/T11.2018.2856826.

X. Meng, G. Sun, J. Li, and H. Liu, “Automatic reactive power and
voltage control for regional power grid based on SVM,” in 2013 I[EEE



2412

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

(78]

IEEE LATIN AMERICA TRANSACTIONS, VOL. 20, NO. 11, NOVEMBER 2022

International Conference of IEEE Region 10 (TENCON 2013), Oct.
2013, pp. 14.

R. Diao, Z. Wang, D. Shi, Q. Chang, J. Duan, and X. Zhang,
“Autonomous Voltage Control for Grid Operation Using Deep
Reinforcement Leaming,” 2019 I[EEE Power Energy Soc. Gen. Meet.
PESGM, pp. 1-5,2019.

J. V. Espinoza, A. Guzman, F. Calero, M. V. Mynam, E. Palma, and Z.
Korkmaz, “Wide-area synchrophasors protect and control Central
America’s power system stability,” in 2014 Saudi Arabia Smart Grid
Conference (S4SG), Dec. 2014, pp- 1-9. doi:
10.1109/SASG.2014.7274294.

A. M. Khalil and R. Iravani, “Power System Coherency Identification
Under High Depth of Penetration of Wind Power,” IEEE Trans. Power
Syst., vol. 33, no. 5, pp. 5401-5409, Sep. 2018.

X. Liu, X. Zeng, L. Yao, G. I. Rashed, and C. Deng, “Power System State
Estimation Based on Fusion of WAMS/SCADA Measurements: A
Survey,” in 2018 2nd IEEE Conference on Energy Internet and Energy
System Integration (EI2), Oct. 2018, pp. 1-6.

D. Kim, A. White, and Y. Shin, “PMU-Based Event Localization
Technique for Wide-Area Power System,” IEEE Trans. Power Syst., vol.
33, no. 6, pp. 5875-5883, Nov. 2018.

L. Cai, N. F. Thornhill, S. Kuenzel, and B. C. Pal, “Wide-Area
Monitoring of Power Systems Using Principal Component Analysis and
$k$-Nearest Neighbor Analysis,” IEEE Trans. Power Syst., vol. 33, no.
5, pp. 4913-4923, Sep. 2018.

S. Liu, “Data-Driven Event Detection of Power Systems Based on
Unequal-Interval Reduction of PMU Data and Local Outlier Factor,”
IEEE Trans. Smart Grid, vol. 11, no. 2, pp. 1630—1643, Mar. 2020.

S. Bhamidipati, K. J. Kim, H. Sun, and P. V. Orlik, “Attificial-
Intelligence-Based Distributed Belief Propagation and Recurrent Neural
Network Algorithm for Wide-Area Monitoring Systems,” [EEE Netw.,
vol. 34, no. 3, pp. 64-72, Jun. 2020, doi: 10.1109/MNET.011.1900322.
W. Wang, “Frequency Disturbance Event Detection Based on
Synchrophasors and Deep Learning,” IEEE Trans. Smart Grid, vol. 11,
no. 4, pp. 3593-3605, Jul. 2020.

Y. Hashmy, Z. Yu, D. Shi, and Y. Weng, “Wide-area Measurement
System-based Low Frequency Oscillation Damping Control through
Reinforcement Learning,” IEEE Trans. Smart Grid, pp. 1-1, 2020.
NASPI Engineering Analysis Task Team (EATT), “Data Mining
Techniques and Tools for Synchrophasor Data.” North American
SynchroPhasor Initiative (NASPI), Jan. 2019. [Online]. Available:
https://www.naspi.org/sites/default/files/reference_documents/naspi_dat
a_mining_tech_pnnl_28218_final.pdf

R. Yousefian, A. Sahami, and S. Kamalasadan, “Hybrid Transient Energy
Function-Based Real-Time Optimal Wide-Area Damping Controller,”
IEEE Trans. Ind. Appl., vol. 53, no. 2, pp. 1506-1516, Apr. 2017, doi:
10.1109/TIA.2016.2624264.

J. Mattioli, P. Perico, and P. Robic, “Artificial Intelligence based Asset
Management,” in 2020 IEEE 15th International Conference of System of
Systems  Engineering (SoSE), Jun. 2020, pp. 151-156. doi:
10.1109/SoSE50414.2020.9130505.

A. Stetco, “Machine learning methods for wind turbine condition
monitoring: A review,” Renew. Energy, vol. 133, pp. 620-635, Apr.
2019, doi: 10.1016/j.renene.2018.10.047.

EPRI, “Five Artificial Intelligence Grand Challenges for the Electric
Power Industry.” Electric Power Research Institute (EPRI), Sep. 29,
2021. [Online]. Available:
https://www.epri.com/research/products/000000003002022804

Victor Manuel Meza Jimenez was born
in Cartagena de Indias, Colombia. He
received the B.S. in Electrical and
Electronic engineering from University
Tecnologica de Bolivar, and the MSc
degree in engineering — Industrial
automation from Universidad Nacional de
Colombia, in 2015. Currently pursuing his
Ph.D. degree at the same university. Since

2009, he has been working with XM, Colombian system
operator, in the real-time operation and operational assurance
departments.

Ernesto Pérez was born in Bogota,
Colombia in 1977. He received the B.S.
and M.S. degrees in electrical engineering
from the Universidad Nacional de
Colombia, in 2002 and the Ph.D. degree in
electrical engineering, in 2006. He is
currently professor at Universidad
Nacional de Colombia. His research

interest includes power system and transient analysis and



