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ABSTRACT

Eskom, a state-owned utility in South Africa, is currently facing significant
challenges and experiencing severe power shortages. While there is a growing
expectation of adopting renewable energy in the future, a sudden and complete
transition is unlikely. Legacy power systems, characterized by poor performance,
breakdowns, and unpredictability, have received limited attention in Al research.
This raises the question: What actions should be taken to quickly address
maintenance issues in older power plants and increase generation capacity in the

short term?

The objective of this study is to explore Al solutions in the electrical sector and
assess the feasibility and cost-effectiveness of integrating Al into Eskom's power
system. The findings of this study will provide Eskom and the South African
government with valuable insights to make informed decisions regarding the
incorporation of artificial intelligence. These Al solutions can include detecting
power and cable theft, optimizing energy usage and distribution, and
implementing predictive analytics for demand planning and power production

optimization.

To gather data, a survey questionnaire was distributed to participants primarily
located in South Africa, following a snowball selection process. The survey
collected responses from a minimum of 50 participants and covered various
aspects, such as load shedding at Eskom, artificial intelligence, data-Al enablers,
and Al prospects.

The study revealed that inadequate maintenance within the power generation
division was responsible for load shedding. As a result, the implementation of Al
solutions such as predictive maintenance, fault detection, and power demand
monitoring systems emerged as crucial priorities for Eskom. However, it is
important to note that implementing Al requires substantial capital investment.
Considering Eskom's current financial situation and South Africa's mounting debt,
it is challenging for Eskom to secure the necessary funds without seeking support

\"



from the South African government or major corporations like the IMF or World
Bank.
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1. INTRODUCTION

1.1. PURPOSE OF THE STUDY

The purpose of this study was to explore and propose the implementation of
artificial intelligence systems in the global electrical energy industry with the aim

of preventing or reducing power outages.

Eskom, in order to avoid nationwide blackouts, employs a method called load-
shedding. This involves temporarily and strategically reducing the load on specific
locations within the grid or network to maintain stability and prevent system

collapse (Laghari, et al., 2013).

The focus of this study is to investigate how artificial intelligence can be integrated
into Eskom's power grid. By leveraging Al technologies, Eskom can optimize
energy flow, utilize smart grids for efficient energy management, detect and
mitigate cable and power theft, employ predictive analytics for improved
production, and effectively plan for future energy demand. These insights will
enable Eskom to enhance overall power grid operations and ensure a reliable

and sustainable energy supply.

1.2. CONTEXT OF THE STUDY

e Brief description of the field of study

Coal plays a vital role in the South African energy sector, thanks to its affordability
and ample availability. A significant portion, approximately 69%, of the country's
electricity is generated from coal, while the remaining power comes from

biomass, renewable, and nuclear sources (Pretorius, 2022).



e Importance of why this field is important.

Energy is crucial for the development of a country. It powers businesses across
various sectors, households, etc. Therefore, energy has the greatest impact on

the growth and stability of the economy of a nation (Inglesi & Pouris, 2010).
e Current trending hot topics in this field

Many African countries have long been grappling with the persistent challenge of
energy outages, a problem that has persisted for decades. As the world
increasingly shifts towards greener energy sources, there is a notable rise in the
application of artificial intelligence within the renewable energy industry.

However, the potential of leveraging artificial intelligence to enhance South
Africa's existing electrical power systems remains largely overlooked, presenting

an untapped opportunity for advancement and optimization.
e Proposed research base in the field to identify the gaps

Legacy power stations and generators have been plagued by poor performance,
frequent breakdowns, and unpredictability, which has resulted in limited research
attention being given to these power systems. While the transition to greener
energy is a gradual process that cannot happen overnight, it is essential to take
immediate measures to ensure a consistent and stable energy supply. This is
crucial to prevent any potential collapse of South Africa's economy and maintain

uninterrupted business operations.

1.3. PROBLEM STATEMENT

Loadshedding poses a risk to South Africa's economic stability. Despite some
evidence that artificial intelligence could be a feasible solution in reducing
loadshedding, its complexity and high cost have hindered a lot of research
attempts to understand and implement it within the South African context.



1.4. SIGNIFICANCE OF THE STUDY

e Benefits or advantages of the study based on problem statement (to

the science field)

Artificial intelligence is a new topic and has been garnering relevance in various
sectors. However, there are still few Al research studies that have been
undertaken within the energy industry, especially within the electrical power

sector.

In the South African context, the talks of shifting towards green energy have made
industry experts as well as researchers shy away or abandon finding practical
solutions to salvage the legacy infrastructure of Eskom, based on several reasons
including poor performance, lagging maintenance programs, and collapsing
infrastructure, Consequently, management faces a difficult decision regarding
how to proceed in this situation.

Therefore, it is considered a “waste of time and resources” to invest in and focus
on integrating Al with ageing infrastructure, as it is believed that integrating Al

with renewable energy sources would be more effective.

However, this study will explore the relevance of the implementation of Al in the
electrical sector (power generation) and the impact it will have on Eskom and the

energy sector in South Africa.

1.5. DELIMITATIONS

e Other challenges are experienced in the power sector. However, this study
is only limited to load-shedding and power generation-focused Al
applications. Power transmission and power distribution will be excluded.

e To further narrow the research scope, focus will be placed on
infrastructure and machinery failures at Eskom.



1.6. DEFINITION OF TERMS

e Artificial intelligence: the ability of machines following scripted logic to
execute tasks usually performed by humans.

e Load shedding: is the process of reducing and relieving load stress by
switching off certain parts of the grid to avoid country-wide blackouts.

e Eskom: A South African state-owned utility.

1.7. ASSUMPTIONS

e Respondents are assumed to have a basic understanding of
artificial intelligence concepts and how they are being implemented
in South Africa at present.

1.8. OBJECTIVES AND AIMS

Given the above, the objectives and the aim of the study are:

e To explore the technical possibilities for Al to mitigate electricity load-
shedding in South Africa within the power generation sector.

e To investigate cost-benefit factors and comparisons in using Atrtificial
intelligence to mitigate load-shedding in SA.

1.9. RESEARCH QUESTIONS

Given the above, the research questions to be uncovered are:
e \What are the Al technical possibilities that can be implemented within
the power generation in Eskom?

e \What are the cost-benefit factors and considerations?



2. LITERATURE REVIEW

2.1. Introduction

This chapter offers a brief overview of Eskom, highlighting the organization's
significance and the common challenges it encounters. In addition, it emphasises
the crucial role of digitized power systems in today's business landscape.
Subsequently, the chapter explores the diverse range of Al research initiatives
implemented by organizations and countries worldwide. Through a critical
analysis, this study highlights the practicality and economic feasibility of these Al
applications. By examining real-world examples and evaluating their potential,
Eskom can gain valuable insights into the practicality and economic viability of

incorporating Al technologies into their own power systems.

2.2. Eskom Background

South Africa relies on Eskom for more than 90% of its energy supply (Booysen &
Rix, 2021). However, the request to construct a power station in 2004 was
rejected, despite a significant 50% increase in electricity demand from 1994 to
2007. These circumstances played a role in the country's first-ever severe power
outages experienced in 2008. As a consequence, the GDP experienced a decline

of 5.7% compared to previous years (Inglesi & Pouris, 2010).

To better understand the operations of Eskom, it is important to explore its
organizational structure, which consists of three distinct entities. These entities
will be discussed in detail in the subsequent sections, shedding light on their roles

and responsibilities within the overall functioning of Eskom.



2.2.1. Power Generation

The electricity generation process is a crucial aspect of providing power to meet
the demand. Eskom, as a key player in South Africa's energy sector, operates a
range of electricity-generating plants. Notable examples of newly constructed
power stations include Kusile and Medupi (Booysen and Rix, 2021). These power
stations, along with others, play a vital role in generating electricity throughout the

year.

Eskom's Generation Group is responsible for operating various types of power
plants, including nuclear, gas turbines, and hydroelectric units. The company
maintains and operates hydroelectric, pumped storage, and gas turbine power
plants (Pretorius, 2022). It's noteworthy that a significant portion of Eskom's
generation capacity, specifically 38 GW out of 44 GW, is derived from 13 coal-
fired stations. These stations contribute significantly to meeting the electricity
needs of South Africa's businesses and industries.

2.2.2. Power Transmission

A transmission line, also known as a high-voltage line, is like a highway for
electricity, carrying power to communities at high voltage levels. These
remarkable lines stretch across vast distances, covering at least 30,000
kilometres, connecting cities and towns and delivering electricity to businesses
and homes (Pretorius, 2022). Just like how roads connect different destinations,
transmission lines connect power sources to areas where electricity is needed
the most. They play a vital role in ensuring a reliable and efficient flow of
electricity, enabling businesses to operate smoothly and keeping our homes
powered up. These high-voltage lines form the backbone of our electrical

infrastructure, contributing to the growth and development of our communities.



2.2.3. Power Distribution

Transmission and distribution lines play a crucial role in establishing a seamless
connection between power plants and end-users. These lines form a
comprehensive system that ensures the smooth flow of electricity at a standard
frequency of 50Hz, enabling businesses and consumers to access reliable power
supply. By efficiently transmitting electrical energy from the generation sources
to various locations, these lines serve as the backbone of our power
infrastructure, supporting the uninterrupted operation of industries and facilitating
the delivery of electricity to homes and businesses alike.

2.3. Power outages

Power blackout refers to the temporary disruption of electricity supply within a
specific timeframe. Such outages can occur due to various factors, including
sudden increases in power demand or technical issues(Nghia, et al., 2020). To
ensure the stability of the power grid, control solutions are swiftly implemented
before resorting to load shedding measures(Nghia, et al., 2020).

Power outages can be caused by natural disasters and technical problems.
Common natural causes include animals coming into contact with live wires,
vehicle accidents, and severe weather conditions that damage transmission line
vegetation. Transmission and distribution outages can result from damaged
infrastructure, faulty lines, system instability, overloaded wires, or equipment
malfunctions. Energy shortages can also contribute to blackouts. Some incidents,
like faults, may trigger contingencies, while others can cause a chain reaction
leading to widespread outages. It is crucial to address these factors to minimize
the impact of power blackouts on businesses and communities (Laghari et al.,
2013).



2.4. Common issues

Voltage instability is a significant factor that contributes to power blackouts,
specifically when the transmission system becomes overloaded (El-Sadek,
1998). Improper load shedding, whether excessive or insufficient, has been a
common cause of power blackouts, raising concerns about the effectiveness of
current load shedding techniques. Given the complexity and size of modern
power systems, there is a need for alternative methods to enhance reliability and
minimise the occurrence of blackouts (Laghari et al., 2013). Businesses must
recognize the importance of addressing voltage instability and implementing
effective load shedding strategies to mitigate the risks associated with power
outages.(Laghari, et al., 2013).

2.5. Stability threats

When there is an imbalance between electricity demand and supply, it puts the
stability of the power grid at risk. Eskom, the power utility in South Africa, faces
challenges due to both maintenance issues with older plants and
mismanagement during the construction of new ones. The result is a loss of
generation capacity of up to 20 GW from plants that are, on average, 40 years
old. To avoid a grid collapse when demand exceeds supply, Eskom's National
Control Centre in Johannesburg closely monitors and controls the grid frequency.
As part of their demand management strategy, the company implements
scheduled power outages known as load-shedding (Booysen and Rix, 2021).
This allows Eskom to maintain grid stability and ensure reliable electricity supply

to customers.



2.6. Management Theory : Decision-Making

One of the management theories that this study discusses a great deal is
decision-making theory, which is an integral part of this research study.

As part of this framework, which examines the processes by which managers
make choices and make decisions within the context of an organisation, there are
various models and approaches that provide guidance for effective decision
making. In Edwards (1954) report, the decision-making process is explored in
depth. The report discusses rational decision-making, subjective expected utility,
and probability theory, among other models and theories. In addition, it offers
insight into the field of decision science by discussing cognitive and psychological
factors that affect decision making.

Similarly, Al is able to analyse historical data on electricity demand, supply and
infrastructure conditions by using algorithms. As previously mentioned, Al
combines data and analytical models to support decision-making, by integrating
real-time data, such as forecasts and grid performance. The system can predict
and optimise the overall power system to minimise and eliminate loadshedding.
Al will act as a decision making model (Brynjolfsson & McAfee, 2011), that can

be used by Eskom.



2.7. Al literature

2.7.1. Al Definition

According to McCarthy (2004), artificial intelligence is the process of making
machines intelligent by making computers capable of understanding and

executing human actions.

There has been extensive research and advancements in artificial intelligence
since the early 1950s. Al is currently reaching a level of sophistication that was
unimaginable to the early pioneers of the field (Wooldridge, 2018).

Among the most exciting fields of science is artificial intelligence. While it has the
potential to achieve great things, many people around the world remain sceptical
of its capabilities. There have been several instances in the history of Al where
researchers have overstated its capabilities. As a result of the enthusiasm and
optimism that often accompany Al research, unrealistic expectations are often

made regarding its potential (Wooldridge, 2018).

2.7.2. Preventive & predictive maintenance

Eskom has been facing significant challenges due to a long-standing backlog of
maintenance, which has adversely affected the performance of its power plants.
The delay in implementing an old maintenance plan, specifically aimed at
refurbishing control and instrumentation systems, has impacted the majority of
the 11 power plants. Additionally, factors such as the failure to rehabilitate cooling
towers, a backlog of boiler tube leak repairs, and plant shutdowns due to

inefficient operation have contributed to high load losses (News24Wire, 2022,
p1).

These issues have resulted in rapid deterioration and reduced operational

efficiency of the plants (Paton, 2022).
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While there is often a trade-off between preventive and unplanned maintenance,
predictive maintenance (PdM) offers a solution by maximizing the useful life and
availability of components. By employing an automatic monitoring system, the
condition of equipment in service can be continuously monitored, enabling the
prediction of potential malfunctions (Carvalho et al., 2019). Implementing PdM
can help Eskom mitigate the maintenance trade-off and improve the longevity
and reliability of its equipment.

Unplanned downtime can be caused by unexpected failures resulting from
inadequate approaches. To prevent equipment breakdowns, scheduled
maintenance plays a crucial role. One of the most effective ways to achieve this
is through frequent component replacements. Prolonged idle periods of machines

can lead to increased maintenance costs.

In recent years, the emergence of the Fourth Industrial Revolution (4IR) and
smart systems has brought the concept of predictive maintenance (PdM) into the
spotlight. Predictive maintenance utilizes technology and practices that reduce
downtime costs and improve production efficiency, thereby enhancing
manufacturing equipment productivity. Moreover, by maximizing the lifespan of
components, predictive maintenance also fosters sustainability in manufacturing

operations.

Among the commonly employed machinery maintenance methods, preventive
maintenance involves regular inspections and maintenance of each component.
Implementing regular maintenance intervals helps prevent machine breakdowns

and is considered a sound practice (Lee et al., 2019).

11



2.7.3. Fault detection

Eskom has implemented a generation recovery plan aimed at enhancing the
performance and availability of the generation phase, as stated by Pretorius
(2022).

Recent advancements in the field of Machine Learning have played a significant
role in achieving the desired objectives, particularly in addressing the complexity
of nonlinear tasks. Ma et al. (2019) conducted a study focusing on the application
of machine learning in forecasting power system faults and estimating load

forecasts.

To predict system failures, a specific Al algorithm has been developed by Patton
(2022), utilizing historical data on previous system failures.

2.7.4. Cable or power theft detection

Cable theft poses a significant challenge for Eskom, impacting service delivery
and imposing a considerable financial burden on the company, according to
Eskom's own data. Despite increased protection and security measures taken by
Eskom's business operating units, cable theft remains a persistent issue in

various sectors, including telecoms and power (Govender & Ras, 2017).

Similarly, power theft is a pressing concern in Nigeria's power sector. This illicit
practice allows users to illegally extract energy from utilities, leading to financial
losses for utility companies. Omijeh et al. (2012) highlight the detrimental effects

of electrical theft and its impact on the Nigerian power industry.

12



The misappropriation of funds within the power sector can manifest in various
forms, including meter tampering, theft (such as through illegal connections),
billing irregularities, and unpaid bills. These illegal activities have resulted in

significant revenue losses for Nigerian power utilities (Nwaoko, 2006).

Ensuring the reliability and protection of electricity grids is crucial for the smooth
functioning of any economy. Distributor system operators (DSOs) face a critical
challenge in detecting instances of illegal electricity consumption. Minimizing
non-technical losses is essential for maintaining a reliable power grid. The rising
popularity of smart meters allows for extensive data collection on electricity
consumption, and the integration of new artificial intelligence technologies can
provide more efficient solutions to combat power theft. By leveraging these
technologies, researchers aim to address this issue more effectively (Blazakis et
al., 2020).

To address this issue, researchers have conducted numerous studies in this

area.

Blazakis et al. (2020) conducted a study focusing on the detection of power thefts
using an adaptive neuro-fuzzy inference system (ANFIS) based on artificial
intelligence. The study discusses the algorithm and its application in improving
the detection of power thefts. Examples of illegal activities related to unlawful
energy use demonstrate the potential of the proposed technique to achieve high
success rates when appropriately implemented.

Depuru, et al., (2011) examined the detection of non-technical losses (NTL),
which are energy theft and irregularities committed by big power end-users in
Malaysia. They highlighted the seriousness of dishonesty among power
consumers and proposed a model of theft control that incorporates various
detection techniques to enhance fraud detection.

13



A novel method for detecting streetlamp power cable theft was presented by
Xilinx (2003). The authors introduced a unique approach specifically designed to
identify streetlamp power cable theft incidents.

As reported by Nagi, et al., (2011), the authors explored using Support Vector
Machines to recognize Non-Technical Loss Detection in Power Distribution for
metered customers. Using an artificial intelligence algorithm, a supportive vector
machine (SVM), they were able to develop an automated and non-technical

system to detect loss, based on non-technical approaches.

2.7.5. Load forecast/predictions or intelligent load shedding

A study conducted by Mortaji et al. (2017) introduced an algorithm called smart-
direct load control (S-DLC) to mitigate peak-to-average ratio issues by
implementing load shedding during sudden grid load fluctuations. The algorithm
incorporates forecasting methods, shedding techniques, and S-DLC.
Additionally, the platform offers a real-time load control system that utilizes the
Internet of Things (loT) and stream-based analytics to create customized daily
schedules for loT-connected electronic devices, considering customer demands,

thermal comfort, and forecasted load.

The research findings indicate that combining load shedding techniques using an
autoregressive integrated moving average time-series prediction model with S-
DLC implementation and leveraging loT can significantly reduce power outages

for customers (Mortaji et al., 2017).

As the power grid expands to accommodate new energy installations and the
electrification of power grid equipment, the failure rate of power systems has
increased, leading to decreased stability. Consequently, clearing power system

faults has become challenging (Langhari et al., 2013).



To achieve voltage stability, Sallam and Khafaga (2013) utilized fuzzy logic
control, an artificial intelligence technique, for load shedding. The simulation
results demonstrated successful implementation of load shedding with a fuzzy
logic controller, effectively stabilizing the system and restoring voltage to normal

levels.

Haidar et al. (2010) proposed an intelligent control strategy for load shedding
using deep reinforcement learning. This strategy enables autonomous voltage
control through deep reinforcement learning, where a continuously trained
network develops a load shedding strategy for emergency scenarios requiring
grid voltage control. The proposed strategy is incorporated into the Pypower

module for simulation verification and enables joint simulation and data analysis.

Implementing a complete load shedding optimization model poses computational
challenges and is difficult to solve in a timely manner, especially considering the
increasing energy sources and demand-side behavior. Sensitivity-based
methods may compromise control accuracy and fail to ensure global optimality
(Liu et al., 2021).

2.7.6. Smart Grids

This study introduces a groundbreaking framework called "Grid Mind" that
enables autonomous control in the operation of electric grids. Duan et al. (2020)
propose an innovative approach that combines artificial intelligence (Al)
techniques with advanced networks to ensure secure grid operation.

By harnessing deep reinforcement learning (DRL) algorithms, this platform
incorporates an agent system that utilizes a model-free, data-driven, and closed-
loop control scheme. Through interactions with extensive simulations and real-
time grid environments, the agent is trained solely based on data to effectively
control voltage in a power grid.
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The application of an Autonomous Voltage Control (AVC) system equips grid
operators with efficient and timely control strategies for real-time voltage

management (Duan et al., 2020).

2.7.7. Enablement of Big Data in power systems

In their study, Barla-Martinez et al. (2021) provide a comprehensive analysis of
Artificial Intelligence (Al) applications specifically tailored for distribution
networks. The research covers various aspects such as maintenance,
monitoring, and operation, highlighting the emerging Al techniques and data

sources available for power system usage.

The study examines a range of data-driven services designed for distribution
networks, including energy management systems, observability, fraud detection,
non-technical loss detection, predictive maintenance, forecasting, and on-
demand trading. A thorough review is conducted to explore the Al methods
employed in each of these services, shedding light on their implementation and

effectiveness (Barla-Martinez et al., 2021).

2.7.8. Disadvantages of Al in Power systems
e Cyber attacks

Artificial intelligence (Al) in power systems has shown vulnerabilities to security
attacks, as highlighted in studies conducted by Chen et al. (2018). However, Tian
et al. (2019) have also demonstrated solutions to overcome these vulnerabilities,

ensuring the security of Al algorithms in power systems.

e High costs of implementation
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While Al offers significant benefits, its implementation comes with high costs,
including substantial capital investment and expenses for repairs and

maintenance, as noted by Das (2022).
e Complexity

Moreover, integrating Al into existing power systems with non-existent data
systems and deteriorating infrastructure in South Africa poses additional
challenges. The complexity of merging Al technology with outdated infrastructure
requires careful planning and expertise. It is crucial for businesses in the power
sector to assess these factors and adopt appropriate strategies to effectively and

securely integrate Al into their operations.

2.8. Cost-benefit

An excessive amount of attention has been focused on the technical details of
the study. There is no evidence of knowledge regarding the cost-benefit factors,
particularly in South Africa. Therefore, there is a gap in the South African
literature, which this study intends to fill. Accordingly, the research question

pertaining to this element is:

° What are the cost-benefit factors and considerations?

2.9. Summary

The literature review indicates that numerous studies have explored the use of
Artificial Intelligence (Al) in electrical or power systems worldwide. However,
these research projects have mostly been limited in scope. In order to gain a
comprehensive understanding of the Al landscape in this field, further
investigation is warranted. The aim of conducting additional research is to identify
the specific Al technical possibilities and assess their potential adoption in both
the short and long term. Moreover, the study seeks to uncover the cost-benefit
factors and considerations associated with these Al applications. By addressing
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these research objectives, businesses can gain valuable insights into the
feasibility and advantages of implementing Al in their power systems, enabling
informed decision-making and maximizing their operational efficiency and

financial returns.
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3. RESEARCH METHODOLOGY

This chapter will present a framework necessary to achieve the objectives and
aims of this study. The primary purpose of this paper is to identify which Artificial
Intelligence prospects can be implemented or adopted in the power generation
division to manage and or reduce load shedding. It will also be beneficial to
investigate what the cost implications are.

Therefore, this chapter will also outline the questionnaire design, population,
sampling, and collection method.-The chosen methodology will indicate the data

required, chosen methods, and the reasoning behind the decision.

3.1. Research Methodology

A quantitative methodology was employed in the research. When addressing
questions that require quantitative information, researchers typically follow a
statistical method (Williams, 2007).

Research that uses numerical or statistical data as the basis for its design can be
referred to as quantitative research. Quantitative research methodology adheres
to the assumption of the empiricist paradigm, which is at the heart of the study
(Creswell, 2003).

3.2. Research Design

A quantitative methodological approach was adopted in this research study. This
approach consists of using an experimental or survey approach in order to collect
data thus resulting in statistical data as stated by Creswell (2003).
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Digital platforms such as LinkedIn, WhatsApp were used to disseminate the

survey questionnaire to a variety of industry professionals.

3.3. Population and Sample

3.3.1. Population

For this study, the population was confined to professionals (Majid, 2018),

working in the energy and technology industries mostly situated in South Africa.

3.3.2. Sample

When planning a research study, it is imperative to consider the sample size
(Burmeister, 2012). An association of energy and technology professionals was
selected through a snowball method that relies on the social network of
participants sharing common traits and recommending others (Handcock and
Gile, 2011).

A minimum of 50 industry professionals were selected to participate in the survey.
Confidentiality was maintained (Boruch, 1971), and all respondents remained

anonymous (Wildman,1977) for the duration of the survey.

The characteristics of the respondents were as follows
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Figure 1: Age of respondents

Age group of respondents

65+
501064
551059
50to 54
451049
40t 44
35t039
30to 34
25t029
181024

Age groups

%percentage of respondents

80% of the respondents are
between the ages 25 and 49
as shown on Figure 1.

Figure 2: The professional industries | Figure 2 shows that more than
Professional industries 60% of the same respondents
Othier I 30 Work |n the energy and
Student
g coonom M2 technology industries.
'§ Law
- Finance !
Technology NN 50
Energy I 14
0 10 20 30 40 50 60
Percentage of respondents
Figure 3: Location Figure 3 shows that 65% of
Location of respondents the respondents live in
ot in A e Gauteng province, considered
o Limpopo 2
2 North Wes 1 !
e e ! one of South Africa's largest
& Mpumalanga .
< KN - G business hubs.
Y Free State k]
Western Cape i 10

Eastern Cape
0 10 20 30 40 50 60 70

% percentage of respondents

21




Figure 4: Years of work experience
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Figure 5: Respondents’ level of education
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Figure 6: Al level knowledge of the Figure 6 shows that, there was
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3.4. Research Instrument

A survey questionnaire was chosen as the instrument for this research report.
The following sections were compiled:

3.4.1. Demographics

It was required that respondents complete this section by providing their age,
their location (one of the nine provinces in South Africa), their highest level of

education, professional industry, and their years of work experience.

3.4.2. Load-shedding issues at Eskom

The respondents were asked to rate the severity of load-shedding, to identify the
power division that was responsible for load-shedding, to determine the causes
of load-shedding, and to identify the reasons for load-shedding.

The information gathered from this section helped narrow down the technical

challenges Eskom faces, especially in the power generation utility.

3.4.3. Artificial Intelligence:

The purpose of this section was to evaluate respondents' understanding of
artificial intelligence, determine whether artificial intelligence is required to move
from renewable energy to the electrical sector, and determine whether SA has
the infrastructure capability, financial resources, or skills to support it.
Additionally, they were asked to rank the proposed artificial intelligence

implementations within Eskom's three divisions from lowest to highest.

The insights generated from this section assisted in identifying the Al prospects
that could ultimately be implemented at Eskom, to alleviate or manage load-

shedding.
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3.4.4. Al enablers - Data:

Respondents were surveyed to assess the importance of data as the basis for
the proposed artificial intelligence models/prospects, whether Eskom had enough
data, whether a data centre was required, and the degree to which these Al

models were difficult to construct.

The purpose of this section is to determine the importance of data and to
determine whether Eskom has an adequate amount of data available for

exploitation.

3.4.5. Al Prospects:

In this section, respondents were required to determine whether it is important for
supply and demand data to be collected, to determine the likelihood of the
installation of smart grids & the proposed Al prospects, their ability to curb
loadshedding, and to measure respondents' level of confidence when it comes to

the feasibility of implementing Al in SA.

It is intended that this section will serve as a tool for determining the practicality

of implementing the proposed Al system within Eskom.

In summary, considering the survey responses, a number of conclusions will be

drawn from the data - as follows:

e Eskom's main utility or the one that contributes most to load shedding.

e Several areas in which Eskom may be able to maximize the use of artificial
intelligence.

e The probability of Al implementation varies depending on a variety of
factors, including one's age, technical exposure, geography, etc.

e The challenges associated with implementing artificial intelligence.
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3.5. Data collection Procedure

The data collection process involved the completion of a questionnaire as shown
in Appendix A. The questionnaire was administered via WhatsApp, and the
survey link (Fowler, 2013) was further circulated via WhatsApp through

colleagues, friends, and acquaintances, as well as through LinkedIn.

It will be possible to collect responses and analyse them using a computer-based
system.

3.6. Limitations of the study
The following limitations were encountered in this study:

e Selection of samples based on the snowball method can skew results by
introducing bias into the process.

e There is a lack of transparency regarding current Al/Data projects being
conducted by Eskom.

e There is a lack of previous research materials on Al in electrical studies,
both locally and internationally.

e Current Al research studies are difficult to access.

3.7. Reliability and Validity

Heale & Twycross (2015) state that, when it comes to the assessment of validity,
it can be defined as how well an idea has been measured quantitatively and to
what extent. A reliable instrument is one that is accurate and reliable. An
instrument's consistency is a measure of how consistently a particular research

instrument produces the same results over a period.

Validity and reliability are important factors that affect correlation coefficients
(Connelly, 2016) therefore, they must be considered. There is a theory that a

correlational study aims to determine whether two or more variables may be
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related to each other, as explained by Leedy, & Ormrod (2001). In accordance
with Gliem & Gliem (2003), it has been demonstrated that alpha-Cronbach's can
be used to test the reliability of data.

3.8. Ethical Considerations

Neither the IP address, contact information, or location of respondents were
recorded or collected. The results sought after were held in the strictest
confidence, respect, and honesty (Breen, 2006).
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CHAPTER 4: DATA ANALYSIS AND INTERPRETATION

4.1. Introduction

This chapter provides a summary of the survey results obtained from the
questionnaire, focusing on potential Artificial Intelligence (Al) solutions that can
help Eskom address and mitigate load shedding challenges. It also examines the
feasibility of implementing these solutions considering Eskom's financial situation

and the broader financial context of the South African government.

The survey results will be analyzed in relation to Eskom's load shedding issues,
considering factors that deter Al adoption and factors that enable Al
implementation, such as data availability, infrastructure readiness, and the
availability of Al skills. Furthermore, the practicality of implementing Al in South

Africa will be evaluated.

4.2. Issues at Eskom

A significant majority of respondents (94%) acknowledge that the severity of load
shedding in South Africa has led to significant economic hardships for themselves
and their families (Figure 7). Among the contributors to load shedding, power
generation is considered to have the most significant impact (Figure 8). Lagging
maintenance programs and an ageing infrastructure were identified as the
primary reasons for load shedding in South Africa (Figure 9). Consequently, the
South African government was primarily held responsible for load shedding,

followed by Eskom management (Figure 10).

28



Severity of loadshedding

crirical | 70

o vajor |
()
?
— Moderate - 6
Minor

0 10 20 30 40 50 60 70 80

%percentage

Figure 7: Severity of load-shedding in South Africa

Many of the respondents believe that the load shedding issues in South Africa

are extremely severe as shown on figure 7.
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Figure 8: Eskom's division responsible for load-shedding

In terms of load shedding, 82% of respondents believe that the power generation

utility is largely responsible, as opposed to the other two divisions as shown on

figure 8.
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Figure 9: Ranked choices for who is to blame for load-shedding.

According to the results, the South African government was voted as the most
likely cause of load shedding followed by Eskom Management. Crime was voted

as the least likely cause of load shedding in South Africa.
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Figure 10: Reason for load-shedding rankings

It was reported that a lack of maintenance was the leading cause of load

shedding, followed by an ageing infrastructure, and cable theft was the least likely

cause of load shedding.
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4.3. Al deterrents and Al enablers

In South Africa, artificial intelligence implementation can be enabled or hindered
by several factors. Most respondents (40%) do not believe that South Africa has
the infrastructure to facilitate Al implementation (Figure 11). Respondents believe
that SA does not seem to possess the necessary Al skills (Figure 12).

As per the results, over 90% respondents strongly believe that data act as a
building block for Al models (Figure 13). According to 75% of respondents (Figure
14), Eskom is said to have sufficient data to develop Al models (Figure 15)
However, more than half of respondents believe Eskom will have difficulty
building these models (Figure 16).
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Figure 11: SA capability to support Al infrastructure.

SA is not considered capable of supporting Al by 40% of the respondents, while
31% believe that it is capable, while the remaining are uncertain as shown on
figure 11.
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Al skillset in SA
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Figure 12: Al skillset in South Africa

SA was not found to be capable of possessing Al skill set by 31% of the

respondents, while 34.6% were sure, and the remainder were unsure as

illustrated on figure 12.
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Figure 13: Importance of data as a building block of Al.

Figure 13 shows that data is an important component of Al model development.
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Figure 14: Sufficient data at Eskom

Figure 14 depicts that 75% of the respondents believe that Eskom has sufficient
quality data to build the Al models.
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Figure 15: How easy will it be for Eskom to build Al models.

It won't be easy for Eskom to build Al models, according to over 70% of
respondents as displayed on figure 15.
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Eskom's need for Al and Data professionals
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Figure 16: Al skillset required in Eskom.

According to Figure 16, it is assumed by 82% individuals that Eskom's need for

Al and data professional is high.
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Figure 17: Al studies in SA in renewables vs electrical

In the SA context, respondents believe that Al studies should also lean towards

the power sector as opposed to renewables as shown on figure 17.
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4.4. Al prospects
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Figure 18: Proposed Al prospects in the power generation division

As displayed on figure 18, the respondents ranked the following Al solutions in
order of highest to lowest, namely predictive maintenance, fault detection, and

power demand monitoring, as possible Al solutions to be implemented within the

power generation division.
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Figure 19: Proposed Al prospects in the power transmission division

Figure 19 indicates that transformer security, power theft detection, and real-
time voltage monitoring are the top three Al solutions selected by respondents

in the power transmission division.
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Figure 20: Proposed Al prospects in the power distribution division
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Within the power distribution division remote illegal connection detection was
ranked as the highest possible Al solution by respondents as illustrated on figure

20.
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Figure 21: Does SA have the finance to support Al?

There is an opinion that SA has the financial capability to implement artificial

intelligence (Al) among a little over fifty percent of the population.

36



When will SA be Al ready

15+ years time

11 to 15 years time

5 to 10 years time

0 to 4 years time

20 30 40

Respondents (%)

Figure 22: SA's timeline to be Al ready.

On figure 22, 39% of respondents state that SA is likely to be Al-ready within the

next 5 to 10 years, at the earliest.

Which utility should Al be implemented first
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Figure 23: Utility likely to implement Al first

According to the survey as displayed on figure 23, 76% of respondents believe
that the power generation sector is an appropriate place to begin implementing

Al.
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Is AI what is needed to curb loadshedding
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Figure 24a: Is Al a possible solution?

Figure 24a illustrates the perception of most respondents that artificial

intelligence might be a viable solution to load shedding in South Africa.
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Figure 24b: Confidence level based on Al knowledge.

Figure 24b shows that 75% of the respondents have intermediate or advanced
knowledge of Al, among the 69% who believe Al can reduce load-shedding as
displayed on figure 24a.
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Al solution in power generation division
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Figure 24c: Top 3 Al solutions

As illustrated in Figure 24c, the top three Al solutions were selected by those who
believe Al can manage load shedding in the power generation sector.
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Figure 25: Confidence on Al implementation

Figure 25 illustrates respondents' confidence level or realistic expectations
regarding the implementation of Al.
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CHAPTER 5: DISCUSSION OF RESULTS

5.1. Introduction

This section provides an analysis of the results presented in chapter 4. The study
aims to evaluate the existing Al infrastructure in South Africa and within Eskom,
the national power utility. It will also assess the availability of Al enablers in the
electrical sector, specifically within Eskom, and determine the level of Al skills in
South Africa. Furthermore, the analysis will examine the presence of Al data
centers, available datasets, and the quality of data, while considering the factors
that influence data quality. The financial implications of implementing Al and its
potential prospects will also be discussed. Overall, this assessment aims to
determine the feasibility of implementing artificial intelligence and compile the
cost-benefit factors associated with its implementation.

5.2. Load shedding severity

Is load-shedding a significant issue in South Africa? According to Figure 7, a
majority of respondents (94%) confirmed that South Africa experiences a high
level of load shedding. This indicates that power outages pose a significant
economic challenge and result in severe financial difficulties for individuals. To
illustrate this, the EskomSePush application provides a graph comparing the total
number of load-shedding hours from 2015 to 2022. To corroborate this, see figure
26.
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Figure 26: The total number of load shedding in South Africa over the past seven
years

Based on Figure 26, South Africa has encountered more than 2,400 hours of
load-shedding in 2022, nearly double the hours compared to 2021. With only two
months remaining until the year-end, it is evident that the severity of load-
shedding stages in 2022 surpasses that of previous years, and this trend is
expected to persist throughout the year (Labuschagne, 2022).
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Figure 27: The availability of energy at Eskom over the past few years

Due to recent declines in Eskom's energy availability, by the end of October 2022,
only 53 percent of the installed capacity of 50,000MW, equivalent to 26,486MW,
was accessible. The consequences of load-shedding are far-reaching, including
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substantial financial losses estimated at R150 million to R250 million per day in
foreign investments alone. Moreover, the impacts extend to job losses,
emigration of skilled workers, increased debt relief, and the overall shrinkage of
the South African economy by an estimated 8% to 10% (Business Tech, 2022).

5.3. Load-shedding causes

What is the primary cause of load shedding? According to Figure 10, survey
respondents identify lagging maintenance programs as the main cause, followed
by dilapidated infrastructure and power theft. To ensure a reliable and sustainable
power generation system, prioritizing maintenance is crucial, refer to Figure 28
for reference. By doing so, load shedding and its frequency can be minimized.
Eskom recognizes the importance of planned maintenance and has launched an
accelerated program to address the maintenance backlog that has accumulated
over time (Madubela, 2022).
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Figure 28: Diagram illustrating how long generator units were offline for planned
maintenance or repair as recorded by Eskom.
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Currently, Eskom is conducting an intensified maintenance program to enhance
the reliability of its ageing coal-fired power plants. Although this may result in
temporary increases in load shedding, it is a necessary step to improve the long-
term efficiency of the generation plants (McLeod, 2021). Consequently, South
Africa finds itself caught in a cycle of load shedding, driven by the lack of
maintenance and the need to implement necessary repairs and upgrades.

5.4. The worst-hit utility

Eskom's power generation division plays a crucial role in the company's
operations, with 82% of respondents indicating it as the primary cause of load
shedding, as shown in Figure 8.

The generation side of Eskom's business faces significant challenges in terms of
plant reliability and predictability (Madubela, 2022). A senior Eskom official once
acknowledged in a press conference that load shedding mainly stems from faulty
and neglected systems that require maintenance and attention (Retief, 2019).

Load shedding is a strategy employed when there is a deficit between electricity
demand and the available generating capacity, often due to resource shortages.
It serves as an effective measure to reduce capacity during periods of resource
scarcity, preventing the depletion of reserves and the potential collapse of the

entire power grid (SA News, 2022).

5.5. Who is to blame?

Load shedding is commonly attributed to factors such as poor management within
Eskom, corruption, inadequate governance by the SA government, and
ineffective leadership by the ruling party, as depicted in Figure 9.
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There has been a tendency to engage in finger-pointing to find responsible
parties. Are former Eskom CEOs Allen Morgan or Thulani Gcabashe, Minister of
Mineral Resources and Energy Gwede Mantashe, or former South African
President Jacob Zuma accountable? Despite identifying various contributing
factors, the blame game has failed to yield more precise answers.

Before 2004, less than 40% of the country's population had access to electricity
(The World Bank, 2022). Since the early 1990s, this figure has increased to 84 %.
As South Africa's population has grown from 40 million to 60 million, the demand
for electricity has also surged. However, during the early 2000s, the government
declined to provide Eskom with a loan to expand its capacity. Consequently, it
may appear that a thorough root cause analysis will struggle to pinpoint the

underlying issues fueling Eskom's mounting problems.

5.6. Artificial Intelligence

5.6.1. Is Al necessary in the electrical sector?

In times of crisis, innovative approaches emerge to address the challenges at
hand. The scale and complexity of the current energy crisis contribute to its
intricacy.The combination of increasing grid demand and longstanding issues in
ageing energy systems introduces a multitude of complex variables. Merely
investing in infrastructure alone is insufficient, and traditional human approaches
may prove ineffective. The complexity of these challenges surpasses the
capabilities of current methods. However, artificial intelligence (Al) holds promise
in tackling large-scale, intricate problems (Nasila, 2021).

According to the feedback received, there is a clear call for the South African
government and Eskom to embrace Al in the electrical industry. Given the energy
crisis currently faced by South Africa, it begs the question: Could Al offer a viable
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solution for Eskom, particularly in the power generation division, where
accumulated complex issues persist? The following section aims to provide a

comprehensive exploration of these pressing issues.

5.6.2. Al Infrastructure

Figure 11 illustrates a range of perspectives among participants regarding the
adequacy of South Africa's infrastructure to support widespread implementation
of artificial intelligence. The increasing prevalence of Al across various domains
has demonstrated its potential to enhance and safeguard existing infrastructure
(Robbins & van Wynsberghe, 2022).

Given the well-documented challenges faced by Eskom, it is understandable that
confidence in artificial intelligence within South Africa may be lacking. The
question arises: Can Al effectively carry out its tasks while accommodating the
high electricity consumption required for its operation? According to Violini
(2021), organisations must establish their enterprise Al strategies and develop
the necessary infrastructure before embarking on Al implementation. Supporting
Al applications and workloads entails several factors, such as having a data
storage environment capable of handling data-intensive Al workloads and
scalable storage capabilities to accommodate growing data volumes.

Eskom manages the Eskom data portal through its data centre, making the data
accessible to the public for analysis, research, and personal use. This
comprehensive database includes various categories of data gathered over time,
covering areas like lockdown tracking, demand and supply, outage performance,
renewable energy, emissions, and the use of open cycle gas turbines.
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Contrary to the findings presented in Figure 14, it remains to be determined
whether Eskom possesses sufficient data to construct Al models. Nevertheless,
as the sole and largest electricity provider in South Africa and other African
countries, Eskom generates vast amounts of raw data that should be intelligently
recorded and analyzed. Moreover, their ongoing efforts in building a data portal
represent a crucial step in the implementation of artificial intelligence.

5.6.3. Al Skillset

According to Figure 12, South Africa is witnessing a growing pool of skilled
professionals with expertise in artificial intelligence. The Data Science Academy
and the South African Institute for Machine Learning and Applied Artificial
Intelligence (SAIML) are actively promoting the development of Al and machine
learning skills in the country. These organizations offer training and educational
programs to equip individuals with the necessary skills and knowledge for

working in artificial intelligence.

In addition to establishing the appropriate infrastructure, having a capable team
is vital for any Al infrastructure development initiative (Violini, 2021). While Figure
12 indicates that most respondents believe South Africa possesses the
necessary Al skillset, it's important to note that the country ranked poorly in
retaining skilled and talented workers, as highlighted in the 2020 Global Talent

Competitiveness Index published by Insead Business School.

Upon closer examination, it becomes evident that many of these talented
individuals eventually leave South Africa for better opportunities elsewhere,
resulting in a skills gap and high demand for skilled workers. Addressing this
challenge and retaining top talent will be crucial in ensuring the long-term

success of Al initiatives in the country.
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5.6.4. Al Data in SA

The field of artificial intelligence (Al) has gained significant momentum in recent
years, despite its initial discovery in the 1950s. Figure 13 reveals that 92% of
respondents recognize the importance of data in Al technology, as it serves as a
driving force behind its development. Data plays a vital role in the creation of Al
models, as highlighted by Tennison & Bogataj-Jancic (2020). The availability of
data influences how Al systems are constructed and the effectiveness of Al
techniques employed. Access to large volumes of high-quality data is crucial for
delivering a final product of exceptional quality.

In the case of Eskom, the organization has taken steps to enhance its data
capabilities by expanding its own data portal. This initiative enables Eskom to
gather data for various purposes, such as equipment fault management, network
planning, and telecommunications (Tech, Central, 2015). Access to and
availability of data are therefore pivotal factors in the development of Al products

(Tennison & Bogataj-Jancic, 2020).

5.6.5. Al Data Quality at Eskom

Figure 14 indicates that the majority of respondents believe that Eskom
possesses sufficient data due to its extensive history and its position as South
Africa's primary energy provider. However, it is important to distinguish between
data quantity and data quality, as emphasized in Choi et al.'s research (2003).
Data quality encompasses more than just the volume of data collected; it also
includes factors such as data cleanliness, accuracy, and reliability. Many
organizations, regardless of their size, often struggle with low-quality data due to

various reasons, including timeliness, biases, and other factors.

47



In the case of Eskom, several variables impact the quality of their data. These
variables include issues such as meter tampering, illegal connections, corruption,
unreliable supply chains, and political interference, among others. While Eskom
is a state-owned enterprise, their data projects are rarely publicized, making it
unclear how much data they have collected and from which sources they are

drawing upon.

To address transparency and provide timely information, Eskom has introduced
the Eskom Data Portal, which offers the public access to up-to-date information
on Eskom's operations, including generation performance, demand and supply
histories, and more. Just like any other form of data, Al processes heavily rely on
data quality. However, this should not serve as a reason to postpone the adoption
of Al (Younanzadeh, 2022).

5.6.6. Al Prospects

The primary objective of this study is to highlight the relatively lower focus on Al
research in the field of electrical energy. In comparison to other areas, such as
renewable energy sources, there has been a significant shift away from traditional
energy sources like coal, oil, and nuclear power. Consequently, fewer resources
are allocated to artificial intelligence initiatives within the electrical energy sector.
This limitation in funding has resulted in fewer studies being conducted, which
hampers our understanding of how Al can effectively address industry
challenges.

To provide some insights into Al implementations worldwide and their societal
impact, as well as how Eskom could potentially benefit from them, the following
list is presented. The rankings are based on the recommendations of
respondents, as depicted in Figure 18, which contrasts with the results shown in

Figure 24c.
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Table 1: Ranking of probable Al solutions to be implemented in the power

generation division in Eskom.

Ranking Al solution
1 Predictive maintenance
2 Fault detection
3 Power load or demand monitoring and forecasting systems
. Fault forecasting

5.6.6.1. Predictive Maintenance

Preventative maintenance is a top priority for Eskom, considering the urgent need
to address maintenance requirements for its power generation assets. While
performing maintenance may lead to temporary load shedding, it is crucial for
ensuring the reliability and efficiency of the assets. A case study by Alsheryani et
al. (2019) highlights the numerous benefits of predictive maintenance, including
assessing asset health, managing capacity constraints, scheduling maintenance

operations, and addressing asset ageing.

R&D Nester (2020a) is currently conducting a study on power management
using artificial intelligence and energy analytics. Their focus is on implementing
condition-based monitoring strategies to evaluate circuit breaker operations and
finding solutions for asset management challenges through predictive
maintenance and optimised maintenance plans. The aim is to develop predictive

models that can extend asset life and reduce operation and maintenance costs.

5.6.6.2. Fault detection

Enel Green Power, a leading company in the wind energy sector, has developed
an advanced system that utilizes artificial intelligence to analyze and monitor data
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from wind turbines. This system is designed to predict equipment failures by
detecting anomalies in the power generation process (Bosatelli et al., 2021).

In the power sector, various institutions, such as the State Grid Corporation of
China, Pacific Gas and Electric (PG&E) in California, and Korea Electric Power
Corporation, have successfully implemented similar fault detection Al systems in
transmission and distribution to proactively address equipment failures.

The application of this type of Al technology could have potentially mitigated the

frequent equipment failures experienced by Eskom in 2022.

5.6.6.3. Power load or demand monitoring & forecasting

systems.

Artificial intelligence (Al) is essential for developing algorithms that assess and
predict system behavior, including load patterns to prevent load shedding.
Gathering data on power demand and supply is crucial for building Al models, as
recognized by 75% of respondents.

R&D Nester conducted a pilot study using machine learning techniques like
support vector machines, deep learning, and random forests, leveraging
historical consumption data for load forecasting. However, Eskom faces
challenges in relying on extensive historical data, as external factors like illegal
power demand and remote disconnected locations can distort the quality of
demand data, impacting prediction accuracy. By continuously collecting up-to-
date data, the load forecasting engine generates periodic forecasts for time
horizons of 2 hours and 36 hours ahead with 15-minute time steps, enhancing
accuracy for intra-day and day-ahead operational planning (R&D Nester, 2020b).

Imagine reducing load shedding to mere seconds. An integrated sensor-enabled
Al system autonomously selects the most efficient power supply route,
revolutionizing outage resolution. According to Papadopoulos (2022), a Chinese
government-owned power grid company has successfully resolved outages

within three seconds, a significant improvement from the previous six to ten
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hours. While currently limited to a pilot study involving 200 families in Xinjiang,
China, this Al system holds promising potential.

5.6.6.4. Fault forecasting

In 2009, PA Consulting and San Diego & Electric Company experts developed
the world's first artificial intelligence system capable of predicting power outages
weeks in advance. This breakthrough technology offers utility companies the
opportunity to significantly reduce maintenance costs, overhead, and power
outages by identifying assets that are likely to fail within two weeks and
proactively addressing the issues before an outage occurs. The system has
demonstrated impressive accuracy, with equipment failure predictions reaching
80% accuracy one week in advance and 90% accuracy three days in advance
(iPredictTM for Electricity Distribution, 2022). While initially designed for
distribution systems, the same Al concept can also be applied to power

generation systems.

By leveraging iPredict, utility companies can effectively forecast and plan repairs,
minimizing disruptions to customer service and providing advance notice to
customers regarding planned outages and infrastructure improvements. This
proactive approach helps to mitigate the high costs and time associated with
emergency repairs during unplanned outages, which includes installing new

equipment, dispatching crews, managing traffic, and coordinating logistics.
5.6.6.5. Additional Al prospects in other divisions
a. Al Prospects in Power Transmission: Transformer security

Figure 19 presents the potential of artificial intelligence (Al) in power distribution.
Experts have highlighted the significant impact that coordinated attacks on high-
voltage transformers across a wide area can have on the reliability of an electric
grid. The resulting widespread blackouts can lead to severe economic and social
consequences (Bowen et al., 2018).
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In the distribution sector, the detection of remote illegal connections emerged as
the top priority according to survey respondents. This prioritization is not
surprising given the pressing issue of illegal connections in South Africa. Recent
reports by Seleka (2022) and Mkhabela (2022) confirm the recovery of illegally

connected power cables worth millions of rands.

To address this challenge, the city has formed partnerships with law enforcement
agencies, as highlighted by Thusi (2022) and Majola (2022). Funds are being
allocated to enhance infrastructure security, deploy security patrols in high-risk
areas, and establish permanent security measures at critical infrastructure sites.
lllegal connections not only result in significant financial losses for municipalities
but also pose a serious threat to families and children. In some cases, funds
allocated for infrastructure maintenance are redirected to address cable theft
(Sibiya, 2022).

Although efforts have been made by authorities and City Power to combat illegal
connections, municipal governments continue to suffer substantial financial
losses. Considering this, it may be beneficial for Eskom and the broader energy
sector to explore the use of artificial intelligence in detecting power and cable line
anomalies, among other applications. Al has the potential to enhance monitoring
capabilities and mitigate the impact of illegal connections on the power
distribution network.

5.7. Al Financial feasibility

Figure 21 highlights that approximately 56% of the respondents believe that
Eskom has the financial capacity to implement Al technologies. However, it is
important to acknowledge that Eskom has faced challenges in recent years,
including rising operating expenses, corruption, mismanagement of funds, and
high overhead costs (Investor, 2022). As a result, Eskom's debt and liabilities

have significantly increased and are projected to continue rising. In 2022, Eskom
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received a cash bailout of $8 billion (Cotterill, 2022). This raises the question of

whether Al implementations are cost-effective.

To finance the implementation of Al technologies, Eskom can explore assistance

from various sources, including:

1. Government support (Naidoo, 2022): Eskom, being a state-owned company,
may receive support from government agencies or development banks to

facilitate the adoption of Al technologies.

2. International organizations: Institutions such as the World Bank and the
International Monetary Fund (IMF) could potentially provide assistance to Eskom

in its Al implementation efforts.

3. Collaboration with private sector organizations (Erasmus, 2022):
Establishing partnerships with Al-specialized companies that possess the

necessary financial resources can help support Eskom's Al implementation.

4. Investors: Engaging with venture capital firms interested in supporting the

adoption of Al technologies can provide additional funding avenues.

While it is evident that implementing artificial intelligence incurs significant costs,

it is essential to consider various factors, such as:

e Expertise: Al implementation requires skilled specialists such as data
engineers, Al architects, and data scientists, whose high salaries should
be factored into the cost analysis.

e Infrastructure: State-of-the-art infrastructure is necessary for installations,
repairs, and ongoing maintenance of Al systems.

e Storage and server costs: Expenses related to data storage, backup code,
and leasing remote servers need to be considered.
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Additionally, costs associated with research and development, data preparation
and collection, training and testing, and deployment should be included in the
overall budget (Crawford, 2021). It is crucial to carefully evaluate the costs and
benefits of any Al implementation and develop a clear budget and plan to ensure
its successful integration into Eskom's operations.
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CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS

6.1. INTRODUCTION

A summary of the findings will be presented in this chapter, as will a presentation
of the conclusions, recommendations, and future research regarding Al in the

power generation industry.

6.2. CONCLUSIONS

This research aimed to explore the potential adoption of artificial intelligence (Al)
solutions within Eskom to address load-shedding and improve operations across
all divisions and the value chain. The top three Al prospects identified are

predictive maintenance, fault detection, and power demand/load forecasts.

Predictive maintenance can help extend the lifespan of equipment by providing
maintenance predictions, reducing operational and maintenance costs. Fault
detection enables early identification of potential faults, allowing for proactive
measures to prevent breakdowns and unplanned load shedding. Power demand
and load forecasts rely on historical data to enhance power supply planning and

minimize interruptions.

However, implementing Al at Eskom faces challenges such as corruption,
vandalism, theft, lack of quality data, and a shortage of Al skills. The study also
highlighted a gap in Al research focusing on renewable energy.

Securing funding from the government or institutions like the IMF or World Bank
would likely be necessary for Al projects at Eskom. Financial constraints, time
limitations, and a shortage of skilled labor may be encountered during
implementation, considering the complex and resource-intensive nature of Al

projects.
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Despite the potential benefits, widespread adoption of Al to address load
shedding is still in the early stages globally. Eskom faces urgent issues that
demand attention, especially after experiencing a record number of machine

failures in 2022 and starting the new year with load shedding.

Careful consideration of costs and risks is essential when evaluating Al
implementation at Eskom, as it can bring significant benefits but requires

thorough planning and mitigation of challenges.

6.3. RECOMMENDATIONS AND FUTURE RESEARCH

6.3.1. Recommendations for Practitioners

e Foster Transparency: To advance Al development across industries, it is
crucial to provide public access to successful projects, research findings,
and project details. This transparency enables knowledge sharing and
facilitates further research and innovation.

o Disclosure of Eskom's Initiatives: Currently, there is limited information
available regarding the artificial intelligence initiatives undertaken by
Eskom. As a government-owned enterprise, it is advisable to make this
information public to promote transparency and encourage collaboration

and potential improvements in the field.

6.3.2. Recommendations for Researchers

e African Datasets: There is a significant shortage of African datasets,
including South African datasets, for Al research. It is essential to focus on
building and expanding such datasets specific to the African context. This
effort will enhance the relevance and effectiveness of Al applications in

Africa.
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e Scaling Al Studies: Many Al studies in the electrical industry are limited
to smaller populations or have not been implemented at scale. Conducting
pilot studies that examine the impact of Al on larger populations is
necessary to determine the broader societal implications and the extent of
Al's effectiveness in the field.

By following these recommendations, practitioners can contribute to the growth
of Al, foster transparency, and ensure the applicability of Al in the electrical
industry. Researchers can enhance the availability of relevant datasets and
expand the scope of Al studies to drive meaningful impact on a larger scale.

57



REFERENCES

Inglesi, R., & Pouris, A. (2010). Forecasting electricity demand in South Africa: A
critique of Eskom’s projections. South African Journal of Science.
https://doi.org/10.4102/sajs.v106i1/2.16

Alsheryani, R. M., Alkaabi, S. S., Alkaabi, S. S., Aldhaheri, A. M., Khouri, F. |,
Alharmoodi, S. |., Shadid, T. T., & Alhajeri, A. S. (2019). Applying Artificial
Intelligence (Al) for Predictive Maintenance of Power Distribution Networks: A
Case Study of Al Ain Distribution Company. 2019 International Conference on
Electrical and Computing Technologies and Applications (ICECTA).
https://doi.org/10.1109/icecta48151.2019.8959756

Barja-Martinez, S., Aragiiés-Pefialba, M., Munné-Collado, i., Lloret-Gallego, P.,
Bullich-Massagué, E., & Villafafila-Robles, R. (2021). Artificial intelligence
techniques for enabling Big Data services in distribution networks: A
review. Renewable and Sustainable Energy Reviews, 150, 111459.

Blazakis, K. V., Kapetanakis, T. N., & Stavrakakis, G. S. (2020). Effective
electricity theft detection in power distribution grids using an adaptive neuro fuzzy
inference system. Energies, 13(12), 3110.

Booysen, M. J., & Rix, A. (2021, November 2). South Africa’s power grid is under
pressure: the how and the why. The Conversation. Retrieved May 18, 2022, from
https://theconversation.com/south-africas-power-grid-is-under-pressure-the-
how-and-the-why-170897

Boruch, R. F. (1971). Assuring confidentiality of responses in social research: A
note on strategies. The American Sociologist, 308-311.

Bosatelli, F., Romano, S. L., Bonacci, F., Infante, C. B., Cosmai, R., & Niccolai,
A. (2021). Enel Green Power’s Al Tool for Anomaly Detection on PV Plant
Thermographies Collected with UAS. 2021 IEEE International Conference on
Environment and Electrical Engineering and 2021 I|EEE Industrial and
Commercial Power Systems Europe (EEEIC / |1&Amp;CPS Europe).
https://doi.org/10.1109/eeeic/icpseurope51590.2021.9584740

Bowen, S., Butler, C., & Smith, S. (2018). Using Artificial Intelligence to Protect
the U.S. Power Grid. POWER Magazine. https://www.powermag.com/using-
artificial-intelligence-to-protect-the-u-s-power-grid/

Breen, R. L. (2006). A Practical Guide to Focus-Group Research. Journal of
Geography in Higher Education, 30(3), 463-475.
https://doi.org/10.1080/03098260600927575

58



Brynjolfsson, E., & McAfee, A. (2012). Race against the machine: How the digital
revolution is accelerating innovation, driving productivity, and irreversibly
transforming employment and the economy. Brynjolfsson and McAfee.

Burmeister, E., & Aitken, L. M. (2012). Sample size: How many is
enough?. Australian Critical Care, 25(4), 271-274.

Cook, T. D., & Reichardt, C. S. (Eds.). (1979). Qualitative and quantitative
methods in evaluation research (Vol. 1). Beverly Hills, CA: Sage publications.

Business Tech (2022). South Africa’s horror year of load shedding — here’s how
it compares. https://businesstech.co.za/news/energy/630667/south-africas-
horror-year-of-load-shedding-heres-how-it-compares/

Carvalho, T. P., Soares, F. A., Vita, R., Francisco, R. D. P., Basto, J. P., & Alcala,
S. G. (2019). A systematic literature review of machine learning methods applied
to predictive maintenance. Computers & Industrial Engineering, 137, 106024.

Chen, Y., Tan, Y., & Deka, D. (2018). Is Machine Learning in Power Systems
Vulnerable? 2018 IEEE International Conference on Communications, Control,
and Computing Technologies for Smart Grids (SmartGridComm).
https://doi.org/10.1109/smartgridcomm.2018.8587547

Choi, B. J., Hong, E. K., Kim, S. K., & Lee, D. (2003). A Taxonomy of Dirty Data.
Data Mining and Knowledge Discovery, 7(1), 81-99.
https://doi.org/10.1023/a:1021564703268

Cotterill, J. (2022, October 26). South Africa to transfer up to two-thirds of Eskom
debt to government. Financial Times. https://www.ft.com/content/a7e86be5-
8b9a-477f-bfd3-04645e9f1a81

Connelly, L. M. (2016). Trustworthiness in qualitative research. Medsurg
Nursing, 25(6), 435.

Crawford, K. (2021). The hidden costs of ai. New Scientist, 249(3327), 46-49.

Creswell, J. (2003). Research design: Qualitative, quantitative and mixed
methods approaches (2" ed.).Thousand Oaks, CA: SAGE Publications

Depuru, S. S. S. R., Wang, L., & Devabhaktuni, V. (2011). Electricity theft:

Overview, issues, prevention, and a smart meter-based approach to control
theft. Energy policy, 39(2), 1007-1015.

Das, A. (2022, May 25). Is Al coming to take our jobs? Top 5 Disadvantages of
Al today. IMS Proschool Offers Courses in Data Science, Digital Marketing, IFRS,

59



ACCA, CFA, Business Analytics, Financial Modeling, CIMA, CFP Courses.
Retrieved June 19, 2022, from https://www.proschoolonline.com/blog/what-are-
the-disadvantages-of-ai

Duan, J., Shi, D., Diao, R., Li, H., Wang, Z., Zhang, B., Bian, D., & Yi, Z. (2020).
Deep-Reinforcement-Learning-Based Autonomous Voltage Control for Power
Grid Operations. |IEEE Transactions on Power Systems, 35(1), 814-817.
https://doi.org/10.1109/tpwrs.2019.2941134

Edwards, W. (1954). The theory of decision making. Psychological bulletin, 51(4),
380.

El-Sadek, M. Z. (1998). Preventive measures for voltage collapses and voltage
failures in the Egyptian power system. Electric power systems research, 44(3),
203-211.

Erasmus, D. (2022). Eskom looks to private sector to help with R990bn it needs
for new generation. BusinessLIVE.
https://www.businesslive.co.za/bd/national/2022-07-27-eskom-looks-to-private-
sector-to-help-with-r990bn-it-needs-for-new-generation/

Fowler Jr, F. J. (2013). Survey research methods. Sage publications.

Gliem, J. A., & Gliem, R. R. (2003). Calculating, interpreting, and reporting
Cronbach’s alpha reliability coefficient for Likert-type scales. Midwest Research-
to-Practice Conference in Adult, Continuing, and Community Education.

Govender, R., & Ras, J. M. (2017). An examination of the prevention of cable
theft from Eskom. Acta Criminologica: African Journal of Criminology &
Victimology, 30(5), 81-104.

Heale, R., & Twycross, A. (2015). Validity and reliability in quantitative
studies. Evidence-based nursing, 18(3), 66-67.

Haidar, A. M., Mohamed, A., & Hussain, A. (2010). Vulnerability control of large
scale interconnected power system using neuro-fuzzy load shedding
approach. Expert Systems with Applications, 37(4), 3171-3176.

Investor, D. (2022, October 21). Eskom’s financial crisis — these graphs show
how deep the troubles go.
https://businesstech.co.za/news/finance/636793/eskoms-financial-crisis-these-
graphs-show-how-deep-the-troubles-go/

iPredictTM for Electricity Distribution. (2022, October 6).
https://www.paconsulting.com/industries/energy-and-utilities/ipredict

60



James, J. Q., Hill, D. J., Lam, A. Y., Gu, J., & Li, V. O. (2017). Intelligent time-
adaptive transient stability assessment system. IEEE Transactions on Power
Systems, 33(1), 1049-1058.

Labuschagne, H. (2022, October 28). Eskom hits 100 full days of load-shedding
https://mybroadband.co.za/news/enerqy/466547-eskom-hits-100-full-days-of
load-shedding.html

Laghari, J. A., Mokhlis, H., Bakar, A. H. A., & Mohamad, H. (2013). Application of
computational intelligence techniques for load shedding in power systems: A
review. energy conversion and management, 75, 130-140.

Leedy, P. & Ormrod, J. (2001). Practical research: Planning and design(7th
ed.).Upper Saddle River, NJ: Merrill Prentice Hall. Thousand Oaks: SAGE
Publications.

Liu, J., Zhang, Y., Meng, K., Dong, Z. Y., Xu, Y., & Han, S. (2021). Real-time
emergency load shedding for power system transient stability control: A risk-
averse deep learning method. Applied Energy, 307, 118221.
https://doi.org/10.1016/j.apenergy.2021.118221

Ma, Z., Zhang, C., & Qian, C. (2019). Review of Machine Learning in Power
System. 2019 IEEE Innovative Smart Grid Technologies - Asia (ISGT Asia).
https://doi.org/10.1109/isgt-asia.2019.8881330

Madubela, A. (2022). Load-shedding on the cards as Eskom prioritises
maintenance. The Mail & Guardian. https://mg.co.za/news/2022-01-27-load-
shedding-on-the-cards-as-eskom-prioritises-maintenance/

Maijid, U. (2018). Research fundamentals: Study design, population, and sample
size. Undergraduate research in natural and clinical science and technology
Jjournal, 2, 1-7.

Majola, D. (2022, June 24). Joburg City Power vows to intensify removal of illegal
connections. Eye Witness News. https://ewn.co.za/2022/06/24/jhb-city-power-
vows-to-intensify-removal-of-illegal-connections

McCarthy, J. (2004). What is artificial intelligence. URL: http://www-formal.
stanford. edu/jmc/whatisai.Html.

McLeod, D. (2021). Expect more load shedding as Eskom ramps

61



up summer maintenance. TechCentral. https://techcentral.co.za/expect-more
load-shedding-as-eskom-ramps-up-summer-maintenance/203898/

Mkhabela, O. (2022). CoE continues to remove illegal electricity connections from
CBD properties. Germiston City News.
https://germistoncitynews.co.za/287046/coe-continues-to-remove-illegal-
electricity-connections/

Mortaji, H., Ow, S. H., Moghavvemi, M., & Almurib, H. A. F. (2017). Load
Shedding and Smart-Direct Load Control Using Internet of Things in Smart Grid
Demand Response Management. IEEE Transactions on Industry Applications,
53(6), 5155-5163. https://doi.org/10.1109/tia.2017.2740832

Naidoo, P. (2022). IMF: SA govt thinking about taking over Eskom’s R392bn debt.
Business. https://www.news24.com/fin24/economy/imf-sa-govt-thinking-about-
taking-over-eskoms-r392bn-debt-20220214

Nagi, A. M., Mohammad, K. S., Yap, S. K., Tiog, S. K., & Ahme (2011). “Non-
Technical Loss for Detection of Electricity Theft using Support Vector Machines”
2nd |IEEE international conference on power and energy

Nasila, M. (2021, February 10). An ‘internet of energy’: How Al could help solve
SA’s energy crisis. TechCentral. https://techcentral.co.za/an-internet-of-energy-
how-ai-could-help-solve-sas-energy-crisis-2/173051/

News24Wire. (2022, January 27). Eskom: Massive maintenance delays on the
back of worst load-shedding year ever. Polity.Org.Za. Retrieved May 20, 2022,
from  https://www.polity.org.za/article/eskom-massive-maintenance-delays-on-
the-back-of-worst-load-shedding-year-ever-2022-01-27

Nghia, L. T., Anh, Q. H., Tan, P. T., & An, N. T. (2020). A hybrid artificial neural
network - genetic algorithm for load shedding. International Journal of Electrical
and Computer

NI Business Info. (2022). Risks and limitations of artificial intelligence in business
| nibusinessinfo.co.uk. Retrieved June 19, 2022, from
https://www.nibusinessinfo.co.uk/content/risks-and-limitations-artificial-
intelligence-business

Nwaoko, K.J., (2006). Electrical Energy AccountingMethods.Impressed
Publishers, Lagos Nigeria, 1-8. Engineering (IJECE), 10(3), 2250.
https://doi.org/10.11591/ijece.v10i3.pp2250-2258

62



Omijeh, B. O., Ighalo, G. |., & Anyasi, F. |. (2012). Intelligent power theft detection
model for prepaid energy metering in Nigeria. International Journal of Electronics
Communication and Computer Engineering, in.

Papadopoulos, L. (2022, July 29). Goodbye blackouts! China’s power grid can
now be reset in three seconds thanks to Al.
https://interestingengineering.com/innovation/goodbye-blackouts-chinas-power-
grid-can-now-be-reset-in-three-seconds-thanks-to-ai

Paton, C. (2022, January 27). Eskom: Massive maintenance delays on the back
of worst load shedding year ever. Fin24. Retrieved May 20, 2022, from
https://www.news24.com/fin24/economy/eskom-massive-maintenance-delays-
on-the-back-of-worst-load-shedding-year-ever-20220127

Pretorius, V. (2022, May 5). Generation. Eskom. Retrieved May 18, 2022, from
https://www.eskom.co.za/eskom-

divisions/gx/#:%7E:text=Eskom’s %20power%20stations%200perate %20365,to
%20the%20coal%20fired%20plant

R&D Nester. (2020a). https://www.rdnester.com/en-
GB/fields and projects/projects/i nergy project jan 2021 dec 2023

R&D Nester. (2020b). https://www.rdnester.com/en-
GB/fields and projects/projects/i nerqy project jan 2021 dec 2023

Retief, H. (2019, December 16). ‘Eskom is captured’: Jan Oberholzer on wet coal,
sabotage and stage 6 desperation. Citypress.
https://www.news24.com/citypress/News/eskom-is-captured-jan-oberholzer-on-
wet-coal-sabotage-and-stage-6-desperation-20191216

Robbins, S., & van Wynsberghe, A. (2022). Our New Artificial Intelligence
Infrastructure: Becoming Locked into an Unsustainable
Future. Sustainability, 14(8), 4829.

Sallam, A. A., & Khafaga, A. M. (2002, June). Fuzzy expert system using load
shedding for voltage instability control. In LESCOPE'02. 2002 Large Engineering
Systems Conference on Power Engineering. Conference Proceedings (pp. 125-
132). IEEE.

SA News (Ed.). (2022). Multiple factors contribute to load shedding — Eskom.
SAnews. https://www.sanews.gov.za/south-africa/multiple-factors-contribute-
load-shedding-%E2%80%93-eskom

63



Seleka, N. (2022, November). City Power removes 14 000kg of illegal cable
connections from Joburg informal settlement. News24.
https://www.news24.com/news24/southafrica/news/city-power-removes-14-
000kg-of-illegal-cable-connections-from-joburg-informal-settlement-20221122

Sibiya, N. (2022, July 26). Gauteng top metros lose millions to cable theft.
SowetanLIVE. https://www.sowetanlive.co.za/news/south-africa/2022-07-26-
gauteng-top-metros-lose-millions-to-cable-theft/

Tech Central (2015, May 14). Eskom turns to ‘big data’ for help. TechCentral.
https://techcentral.co.za/eskom-turns-to-big-data-for-help/192392/

Tennison, J., & Bogataj-Jancic, M. (2020). The Role of Data in Al. School of
Informatics, The University of Edinburgh.

The World Bank. (2022). [Dataset]. In Access to electricity (% of population) -
South Africa.
https://data.worldbank.org/indicator/EG.ELC.ACCS.ZS?locations=ZA

Thusi, L. (2022, July 6). WATCH: lllegal electricity cables removed in
Turffontein. Southern Courier. https://southerncourier.co.za/251417/watch-
illegal-electricity-cables-removed-in-turffontein/

Tian, J., Li, T., Shang, F., Cao, K., Li, J., & Ozay, M. (2019). Adaptive Normalized
Attacks for Learning Adversarial Attacks and Defenses in Power Systems. 2079
IEEE International Conference on Communications, Control, and Computing
Technologies for Smart Grids (SmartGridComm).
https://doi.org/10.1109/smartgridcomm.2019.8909713

Wildman, R. C. (1977). Effects of anonymity and social setting on survey
responses. Public Opinion Quarterly, 41(1), 74-79.

Williams, C. (2007). Research methods. Journal of Business & Economics
Research (JBER), 5(3).

Wooldridge, M. (2018). Artificial intelligence. London, United Kingdom: Penguin
Random House UK.

Xilinx, “Data Generation and Configuration for Spartan Series FPGAs,”
XAPP126, 2003

Younanzadeh, E. (2022). Data Quality Is Also An Al Problem. Forbes.
https://www.forbes.com/sites/forbescommunicationscouncil/2022/11/03/data-
quality-is-also-an-ai-problem/?sh=783a7975261b

64



65



APPENDIX A: SURVEY QUESTIONNAIRE

NO. | QUESTIONS

How old are you?

In which province are you located?

What is your highest level of education?

What is your area of expertise?

How many years of experience do you have in total?

What is the severity of load shedding in South Africa?

N (o (oW (N (e

Ranking: In your opinion, who is to blame? Please rank all choices in the following order: 1 = Lowest; 6 = Highest

Ruling party, SA govt, Eskom Management, Corruption, Apartheid, Crime

8 | Ranking: What do you attribute SA's electrical problems to? Rank all choices. 1 = Lowest ; 5= Highest

Cable theft, power theft, DB vandalism, ailing infrastructure, lagging maintenance

9 | Rate your Artificial Intelligence knowledge : Beginner, intermediate, Advanced, Expert

10 | Why do you think the Al boom is only taking place now?

11 | Do you think SA has the infrastructure to support Al implementations on a larger scale?

12 | Do you think SA has the financial means to support Al implementations on a larger scale

13 | Do you think SA has the necessary skill-set or competent professionals to carry out the Al implementations?

14 | How important is it to implement the following: Not important, Less important, Important, very important

To use Al in electrical industries ?

Al leaning towards electrical studies in the SA context?

Al leaning towards renewable energy studies?

Eskom and SA govt adopting Al in the power sector
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e | Is it economically feasible to adopt Al in the power sector
15 | Ranking: Which of the following Al solutions do you think Eskom should implement in the power generation
Machine fault detection, Predictive failure events systems , Fault forecasting ,Predictive maintenance systems ,Power Demand monitoring systems , Power Demand
forecasting systems
Ranking: Which of the following Al solutions do you think Eskom should implement in the
16 | Power Transmission division - Rank all choices. 1 = Lowest ; 5= Highest
Cable theft detection, Street light monitoring & surveillance , Power theft detection , Real-time voltage management ,Transformer /subunits Al security systems
Ranking: Which of the following Al solutions do you think Eskom should implement in the
17 | Power Distribution division - Rank all choices. 1 = Lowest ; 4= Highest
Meter box tampering detection systems , Random energy spike/demand emergence monitoring system , Remote illegal-connection detection , Municipality energy
distribution management system
18 | Which of the following division carries more issues that have led towards load shedding (Select ONE)
power generation, power distribution, power transmission
How important is data when building Al models ?
19 | Veryimportant, Important, less important, not important
20 | Do you think SA or Eskom has sufficient data to build Al models? (yes/no)
21 | Does Eskom need Al & data professionals to solve load shedding ? (yes/no)
22 | Should Eskom build their own cloud data center?(yes/no)
23 | How easy will it be for Eskom to build Data centers to enable them to build Al electrical models (Easy/hard)
24 | Is it possible to build Al models in the absence of data (yes/no)?
How important of a factor is electrical consumption in load shedding?
25 | Very important, Important, less important, not important
How important of a factor is electrical supply in load shedding?
26 | Very important, Important, less important, not important
27 | Economical Factors that affect load shedding (rank all from 1=lowest, 5=highest)

Inflation ,Lower GDP per capita, Increasing Unemployment rate, OverpopulationShrinking sponsorship from govt
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How important is it to collect power generation (supply) & power consumption(demand) data, in order build forecasting models?

28 | Very important, Important, less important, not important
29 | Would implementing Al for power consumption & generation forecasts, help curb load-shedding ?(yes/maybe/no)
30 | Do you think Smart grids can be implemented in SA? (yes/no/maybe)
31 | Do you think smart grids have the capability to reduce outages in SA? (yes/no/maybe)
32 | Financial impact - select one (yes/no/maybe)

a | Will the SA government/Eskom afford to implement any of the above mentioned Al solutions in the sector?

b | Given the financial status of Eskom, are these solutions cost-viable?

¢ | Is it worth employing Al techniques on aging infrastructure?

d | Do you think Eskom should invest in Al?

e | Do you think SA govt should invest in Al dedicated to electrical energy
33 | Unintended consequences
34 | Do you think its realistic to implement Al in SA (yes/no)
35 | In how many years time, do you think SA will be Al ready

Which utility should Al be implemented first?

36 | Power generation, power distribution, power transmission
37 | Do you think Artificial intelligence is what South Africa's power system needs to manage Load Shedding (yes/no)?
38 | What is your confidence level on the above . Rate between 0%= lowest , 100%=high confidence level
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