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Abstract. South Africa stands at a crucial juncture, grappling with interwoven socio-economic
challenges such as poverty, inequality, unemployment, and the looming climate crisis. The
government’s Just Transition framework aims to enhance climate resilience, achieve net-zero
greenhouse gas emissions by 2050, and promote social inclusion and poverty eradication. Ac-
cording to the Presidential Commission on the Fourth Industrial Revolution, artificial intelli-
gence technologies offer significant promise in addressing these challenges. This paper explores
the overlooked potential of Reinforcement Learning (RL) in supporting South Africa’s Just
Transition. It examines how RL can enhance agriculture and land-use practices, manage com-
plex, decentralised energy networks, and optimise transportation and logistics, thereby playing
a critical role in achieving a just and equitable transition to a low-carbon future for all South
Africans. We provide a roadmap as to how other researchers in the field may be able to
contribute to these pressing problems.
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1 Introduction

South Africa is at a pivotal moment in its history, facing a myriad of interlocking socio-economic
challenges, primarily poverty, inequality, joblessness, and a looming climate crisis that threatens to
exacerbate these issues. In response to these pressing concerns, the South African government has
developed the Just Transition (JT) framework PCC|[2022]. This framework aims to achieve a high
quality of life for all South Africans by increasing the country’s ability to adapt to the adverse impacts
of climate change, fostering climate resilience, and reaching net-zero greenhouse gas emissions by
2050. Simultaneously, it emphasises decent work for all, social inclusion, and eradicating poverty,
with a particular focus on empowering the poor, women, people with disabilities, and the youth.
Central to the JT is the development of innovative technologies that enhance efficiency and
resilience within the economy and society. The South African government’s Commission on the
Fourth Industrial Revolution (4IR)[Revolution|[2020] has explored the potential of new and emerging
technologies, underscoring Artificial Intelligence (AI) as a disruptive force capable of transforming
industries and our society. As a core pillar of the 4IR, Al stands to play a significant role in realising

South Africa’s JT.
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Fig. 1: On the left is a visual depiction of the Just Transition created by Generative Al model DALL-
E[Ramesh et al.|[2021]. On the right, a depiction of the Fourth Industrial Revolution in South Africa
was also generated using DALL-E . We prompted DALL-E using the information in the background
section of this report.

This paper explores how Reinforcement Learning (RL) [Sutton and Barto| [2018], one form of AT,
can play a significant role in enhancing climate resilience and promoting sustainable and inclusive
development. We conduct a systematic literature review of how RL has been leveraged globally to
enhance our agricultural land-use practices to ensure food security and sustainable growth; manage
decentralised and resilient renewable energy networks; and optimise complex and fragile transporta-
tion and logistic networks. Finally, we provide a roadmap for future research that extends the existing
literature to the South African context. In doing so, this paper underscores the role RL could play
in realising a just and equitable transition to a low-carbon future for South Africa.

The structure of this report is as follows: Section 2 provides background on RL and South
Africa’s Just Transition framework. Section 3 presents a detailed motivation for choosing the three
key domains of agriculture, energy, and transportation, emphasising their significance within the
South African context. Section 4 outlines the methodology used in our systematic literature review.
Section 5 summarises the applied RL research we found across these domains. In Section 6 we
identify opportunities for extending existing RL work to the South African context and offer a
roadmap for future research. Finally, Section 7 addresses the limitations of our work, before we
conclude in Section 8.

2 Background

To understand the role of RL in South Africa’s transition to a low-carbon future, we first provide the
necessary background to understand RL and its place within the broader field of Al. Next, we outline
the concept of a JT as defined by the Presidential Climate Commission [PCC| [2022] and explore
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the findings of the Presidential Commission on the Fourth Industrial Revolution (4IR) [Revolution
[2020], which emphasises the crucial role that AI will play in achieving South Africa’s JT.

2.1 Artificial Intelligence and Reinforcement Learning

Al is a field of computer science that aims to create systems capable of carrying out tasks typically
requiring human-like intelligence, such as reasoning, learning, and problem-solving. It encompasses
various approaches, including Symbolic AI, which uses explicit rules and symbols for logical rea-
soning; Expert Systems, which emulate human expertise to make decisions; and Machine Learning
(ML), which enables systems to improve over time simply by learning from data.

In recent years, ML has become one of the most prominent branches of Al thanks to significant
breakthroughs in Deep Learning (DL) (Goodfellow et al.[2016]. Whereas traditional ML techniques
either utilise relatively low-dimensional data or require hand-crafted feature extraction from data,
DL models automatically discover intricate patterns and representations in the data through hier-
archical layers of Artificial Neural Networks (ANNs). Training large DL models on massive amounts
of training data has proved to be a powerful recipe for developing programs with surprising levels
of intelligence and emergent capabilities Kaplan et al.| [2020].

The two most commonly discussed paradigms for training ML models are supervised and unsu-
pervised learning. Supervised learning involves training a model on a labelled dataset, where each
input is paired with a corresponding output. Examples include simple regression and classification.
Unsupervised learning, on the other hand, deals with unlabelled data. The model is trained to
identify underlying patterns or structures in the data without explicit guidance as to the labels
underlying these patterns. Examples include clustering and dimensionality reduction.

A third ML paradigm is RL. RL is primarily designed for sequential decision-making problems,
whereby an agent must choose actions in an environment, over time, to successfully complete a task.
After every action, the agent receives a reward from the environment, which serves as feedback to
the agent on how well it is currently doing at the task. As such, RL is evaluative and not instructive,
as the agent is not informed what the best action would have been. The agent’s goal is to learn a
policy for selecting actions which result in as much reward as possible over the course of the task. RL
algorithms learn through trial-and-error, whereby the agent initially chooses actions at random but
progressively, throughout training, makes more informed decisions as it learns what the expected
reward and consequences of taking actions are.

Before the DL era, RL enjoyed a rich history of research interest [Sutton and Bartol |2018], but
the scale of problems that could be tackled was limited [Kaelbling et al [1996]. However, after Mnih
et al. [Mnih et al.|[2015] first successfully used Q-learning, an RL algorithm, to train an ANN to play
Atari video games from raw pixel values, there was an explosion of deep RL (DRL) research and
breakthroughs |Li, 2018]. Most notably, DRL algorithms defeated human world-champions at the
famous board game GO |[Silver et al.l 2017], and the e-sport video game DOTA 2 |OpenAl et al.|
2019]. Since these early successes in DRL on games, the goal has been to improve the generalisability
of algorithms and apply them to more complex, real-world problems |[Degrave et al., 2022|.

Applying RL to real-world problems has proven to be difficult for several reasons. One of the
primary challenges is that RL typically requires an agent to interact with its environment many
millions of times, which can be impractical in real-world settings. To address this, practitioners
often rely on efficient simulators. However, there are limited assurances that policies learned in
simulation will effectively transfer to real-world environments |Zhao et al| [2020b]. Additionally,
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designing a simulator can be a complex task. An alternative approach is to use pre-collected real-
world data directly, rather than relying on a simulator. This method, known as offline RL, has
garnered significant research attention in recent years due to its potential to make RL more applicable
in real-world scenarios Levine et al.| [2020].

2.2 South Africa’s Just Transition and Fourth Industrial Revolution

Governments worldwide are increasingly acknowledging the harmful effects of climate change and
taking active measures to combat them. At the 2015 UN Climate Change Conference in Paris,
196 countries signed a legally binding international treaty aimed at addressing climate change [UN
[2015]. South Africa, in particular, is confronting several severe and worsening climate impacts, such
as droughts, floods, and extreme weather, which intensify existing challenges like poverty, unem-
ployment, and inequality. To help mitigate this looming crisis and fulfil its international obligations,
the Presidential Climate Commission [PCC]| [2022] was established to provide guidance and support
for a just transition to a low-carbon economy. The commission defined a just transition as follows:

Just Transition. A just transition aims to achieve a quality life for all South Africans, in the con-
text of increasing the ability to adapt to the adverse impacts of climate, fostering climate resilience,
and reaching net-zero greenhouse gas emissions by 2050, in line with the best available science. A
just transition contributes to the goals of decent work for all, social inclusion, and the eradication
of poverty. A just transition puts people at the centre of decision-making, especially those most im-
pacted, the poor, women, people with disabilities, and the youth-empowering and equipping them for
new opportunities of the future. A just transition builds the resilience of the economy and people
through affordable, decentralised, diversely owned renewable energy systems; conservation of natural
resources; equitable access to water resources; an environment that is not harmful to one’s health and
well-being; and sustainable, equitable, inclusive land-use for all, especially for the most vulnerable
PCC [2027)].

The Presidential Climate Commission’s definition of a just transition underscores the government’s
commitment to significantly reducing greenhouse gas emissions while ensuring that this process is
equitable and inclusive. It emphasises a human-centred approach, aiming to avoid harming com-
munities, such as eliminating livelihoods without providing viable alternatives. This approach is
particularly crucial in South Africa, where addressing widespread poverty and inequality is as ur-
gent as tackling climate change.

The Fourth Industrial Revolution. As the global community grapples with rapid changes in climate,
it also finds itself in the midst of a swiftly evolving technological era. This transformation is often
described as a Fourth Industrial Revolution (4IR), which mirrors past societal shifts like the Agri-
cultural, Industrial, and Information revolutions. The 4IR is marked by the integration of advanced
technologies such as Al, robotics, the Internet of Things (IoT), and big data across various sectors.
In South Africa, the 4IR is viewed as a crucial opportunity to tackle socio-economic challenges like
unemployment and inequality by promoting digital skills development, improving infrastructure,
and fostering a knowledge-based economy. The government, in partnership with the private sector
and public institutions, is actively developing policies and initiatives to support this transforma-
tion, with the goal of ensuring that the benefits of the 4IR are inclusive and broadly distributed
across the nation. To advance this objective, a Presidential Commission on 4IR [Revolution| [2020]
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was established, providing key recommendations on how the 4IR can be harnessed to achieve South
Africa’s climate and economic development goals. Among the various emerging technologies, Al was
highlighted as having especially significant potential.

3 Motivation

For this systematic literature review, we focus on three application areas that are particularly
relevant to South Africa’s Just Transition. The first domain is agriculture, which plays a crucial role
in the country by contributing approximately 3% of GDP and 6% of employment [DALRRD] [2022].
Agriculture is also vital for food security in South Africa. However, the sector is highly vulnerable
to climate change due to shifting rainfall patterns, droughts, and floods. The second domain is
energy. South Africa’s energy mix heavily relies on an ageing fleet of coal-fired power plants, which
is incompatible with a green economy and poses reliability challenges that hinder economic growth.
Lastly, we examine transportation. After energy, transportation is the second-largest global source
of greenhouse gas emissions [Ritchie et al.|[2024]. South Africa faces unique challenges in this sector.
If RL can be applied to mitigate climate risks and improve efficiency in these sectors, it could play
a significant role in advancing the Just Transition.

3.1 Agriculture

The JT framework highlights climate change’s effects on agricultural production, with impacts es-
pecially on farm workers and their communities. Not only does climate change put the livelihoods
of farming communities at risk, but it also threatens national food security [Masipal, 2017]. An In-
tergovernmental Panel on Climate Change (IPCC) report from 2007 projected that in sub-Saharan
Africa, agricultural productivity was at risk of declining from 21% to 9% by 2080 TPCC| [2007|. More
recently, a departmental paper by the International Monetary Fund reported that climate change,
amongst other issues, has intensified food insecurity in sub-Saharan Africa with the number of people
suffering from high levels of malnutrition, and unable to meet basic food consumption needs increas-
ing by at least 30% to 123 million in 2022 (or 12% of the sub-Saharan Africa population) Baptista
et al.| [2022].

Furthermore, South Africa is an arid country and is vulnerable to increased occurrences of
droughts due to climate change. As an example, between 2015 and 2018 Cape Town experienced its
worst drought in recorded history, which was so severe that the it nearly became the first modern
city to effectively run out of drinking water [Baker| [2020]. In the regions surrounding the city,
major enterprises are horticulture, and in certain water catchment areas up to 75% of the water
can be allocated to irrigating crops of nearby farms [Johnston, |2018|. The drought highlights the
complex interactions between water supply for urban and agricultural uses [Theron et al.,| [2023].
Thus, since irrigating crops is such a large consumer of precious water resources, it needs to be
carefully controlled and managed.

The Presidential Commission on the 4IR highlighted the role of emerging technologies in bolster-
ing South Africa’s resilience to climate change and improving food security. In particular, the com-
mission highlighted the role that precision agriculture could play in enhancing the use of resources
and increasing agricultural yield [Revolution| [2020]. Precision agriculture involves the combined use
of autonomous vehicles, drones, remote sensing and Al to optimise the use of water, fertilisers and
pesticides and other inputs to maximise agricultural outputs while minimising negative environmen-
tal impacts.
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3.2 Energy

Energy is naturally one of the most salient dimensions of any climate-related transitionary frame-
work, due to the widely accepted role of fossil fuels in climatic change and the urgency to move to
greener sources of power. For South Africa, in particular, it exists as a sensitive topic due to the
enormous dependence of the country on coal—a fossil-fuel industry responsible for R150 billion of
the country’s annual income, employing over 100 000 people [StatsSA| [2019]. Regarding the supply
of electrical energy specifically, the topic of loadshedding—where parts of the grid are switched off to
cope with insufficient electricity supply—is currently highly pertinent in the country. In the first half
of 2023 alone, a record-breaking 15300 GWh of electricity was shed from the grid, with an immense
negative economic impact |SARB|[2024]. While in more recent times the reliability of electricity has
improved, the national grid remains fragile [Sibanyoni and Comrie| [2024].

The JT framework PCC|[2022] rightly recognises the importance of energy in the transition to a
brighter future for all South Africans. The framework cites an array of challenges, risks, and oppor-
tunities for the country to seize. The Presidential Commission on 4IR [Revolution|[2020] corroborates
this importance, stating in their report that regression in energy would be “the single-biggest threat
to South Africa—both in respect of human development and economic growth.” The primary mit-
igation strategy proposed for South Africa in both of these reports, in line with what is proposed
further abroad, centres around the transition to renewable energy supplies. With these alternative
sources of energy becoming cheaper and more widely accessible, this direction of development is
becoming increasingly viable |Akinbami et al.| [2021]. There has been early success in this domain,
particularly at the metropolitan level, such as in the City of Cape Town, which has been pioneering
in their long-term strategy. For example, consider the city’s ENERGY2040 report |(CoCT]| [2015],
which enumerates a host of pathways proposed to overcome a looming energy crisis, many of which
are focused around renewable energy sources.

3.3 Transportation

After energy generation, transportation is the second-largest source of greenhouse gas emissions
globally Ritchie et al.|[2024]. To address this, the global community is increasingly shifting towards
more efficient public transport systems. A report by the European Environment Agency found that
rail and waterborne transport are significantly more efficient in terms of greenhouse gas emissions
than road transport and aviation, both for passenger travel and freight [EEA| [2020]. However, in
South Africa, poor maintenance and operational mismanagement of rail infrastructure have led
to a decline in rail usage for freight. As a result, the country’s roads have become increasingly
burdened with large, inefficient, and often dangerous trucks transporting cargo for export [Economist
[2023]. This decline in rail adoption is not only costing the South African economy billions but also
exacerbating environmental degradation. To successfully achieve its Just Transition goals, South
Africa’s public and private sectors are urgently working to rebuild the country’s rail infrastructure
and enhance its operational efficiency.

While the transportation of goods is crucial for the JT, the transportation of people is equally
essential. The Presidential Climate Commission’s latest report on "The State of Climate Action
in South Africa" highlights that the public transport system currently faces significant challenges
related to accessibility, affordability, and safety. Additionally, both the workers and infrastructure
within this sector are highly vulnerable to the impacts of climate change PCC| [2024]. In South
Africa, and across Africa more broadly, extreme weather events driven by climate change pose a



Opportunities of Reinforcement Learning in South Africa’s Just Transition

serious threat, often causing extensive structural damage to transportation infrastructure and dis-
rupting already fragile and sparse networks Rweyendela|[2021]. To address these growing challenges,
exacerbated by the climate crisis, cities worldwide are increasingly moving towards becoming "Smart
Cities," including some in South Africa|Mhangara et al. [2016]; Das| [2020]. These interconnected and
digitalized urban areas aim to enhance efficiency and resilience through the adoption of emerging
technologies like Al.

4 Research Methodology

The goal of this systematic literature review is to survey the relevant technical RL literature that
is applied to problems related to the three domains of interest; agriculture, energy and transporta-
tion. The search strategy employed was a combination of boolean keyword-based search and cita-
tion chaining. First, we used Google Scholar to search for papers that contained a combination of
keywords we were interested in. For example "reinforcement learning" AND ("energy" OR "trans-
portation"). We then checked the reference lists of the papers we found and reviewed the relevant
papers they cited.

5 Reinforcement Learning Applications

Despite the considerable challenges, the application of RL to complex real-world decision-making
problems holds immense promise and remains a central focus of research within the AI community.
We believe that RL has the potential to play a significant role in South Africa’s Just Transition. To
support this assertion, we explore three critical domains essential to the Just Transition: agriculture,
energy, and transportation. We examine the specific context of these challenges in South Africa and
then survey related RL research that could be adapted to the South African context, potentially
leading to substantial and tangible impacts.

5.1 Agriculture

The role of RL in precision agriculture is a nascent area of research which is steadily growing|Gautron
et al.|[2022a]. Recent works studied the application of RL to learn optimal control for a greenhouse
to optimise yields |(Gandhi| [2022]; |Binas et al.| [2019]. By adjusting greenhouse parameters such as
temperature and humidity the growing environment for crops can be optimised and harvest yields
maximised [Hemming et al.| [2020]. The challenge with doing RL in a real-world environment is that
it is very slow to collect training data and we must therefore rely on historical data instead of online
interactions. To address this, researchers have designed simulators for various agriculture decision
making tasks including gym-DSSAT |Gautron et al.|[2022b|, SWATgym Madondo et al.| [2023], and
crop-gym [Overweg et al| [2021]. The recent availability of environment simulators for agriculture
makes training and testing RL algorithms far more tractable, and opens up new and exciting avenues
of research. Some researchers have studied the application of an RL agent that makes decisions
about when to irrigate crop fields based on real-time environmental measurements such as weather
patterns. Results have shown significant water-saving potential |Sun et al.[[2017]; |Chen et al.| [2021];
Ding and Dul[2024]; Kelly et al.| [2024]. Developing similar solutions for the South African context
could significantly bolster resilience to future droughts and the availability of irrigation environment
simulators such as aquacrop-gym Kelly et al.| [2024] significantly lowers the barrier to entry for
researchers.
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5.2 Energy

The Presidential Commission on 4IR [Revolution| [2020] is notably optimistic about emerging tech-
nologies like AT for the application to modern energy solutions. Specifically, there is ample discussion
around smart electrical grids, with emphasis on novel architectures based on micro-grids and virtual
power plants (VPPs). Here, the focus is on solutions that can dynamically manage all aspects of the
electricity network—the supply, transmission, and distribution of electricity—Dby finding algorithms
which yield optimal control policies. RL has widely been cited as a paradigm highly suitable for
this use-case [Zhang et al|[2018], and there have been many promising efforts in this direction. As a
demonstrative example, on the generation side, substantial work has gone into the ‘unit commitment
problem’ with RL, which aims to coordinate many electrical generators of various capacities, phys-
ical dynamics, geographical locations, and costs De Mars| [2022|. For transmission and distribution,
investigation has been done into responsive voltage control Thayer and Overbye| [2020], and topol-
ogy reconfiguration or optimisation using RL [Dorfer et al.| [2022]; Kundacina et al.|[2022]. These are
simply instances of energy control using RL, but many directions exist in this vein.

5.3 Transportation and Logistics

There has been a significant amount of applied research on ML for optimising freight and logistics
operations [Tsolaki et al|[2023]. Key problem areas include demand forecasting, arrival time predic-
tion, vehicle routing, and traffic flow optimisation, all of which hold considerable potential for the
application of RL. For instance, Chen et al. |Chen et al.|[2023] developed a deep RL model called
DeepFreight, designed to optimise vehicle dispatching within a fleet to fulfill delivery requests as
efficiently as possible. In another study, researchers examined the optimal routing of trucks trans-
ferring cargo between port terminals |Taufik Nur Adi and Bae| [2020], a particularly relevant issue in
South Africa, where port inefficiency is a well-documented challenge [WB| [2023]. Additionally, the
lack of timely maintenance of transportation infrastructure presents a significant hurdle in South
Africa. Hamida et al. [Hamida and Goulet| [2023] explored the use of RL for infrastructure mainte-
nance planning, leveraging hierarchical RL in a simulator they developed called InfraPlanner.

Transportation optimisation represents another promising area for RL research [Haydari and Yil-
maz| [2022]|. The Flatland challenge Mohanty et al|[2020], a well-known train routing environment,
has garnered considerable research attention. Researchers have also explored using RL to optimise
public bus routes [Darwish et al.| [2020]; Yoo and Lee| [2023|, which could be invaluable in addressing
transportation bottlenecks in South Africa’s rapidly growing cities [Hirsch| [2023]. Another promising
approach to improving urban transportation is through smart traffic light management to reduce
congestion. The SUMO-RL |Alegre| [2019] environment, a popular simulator for this purpose, has been
widely adopted by the research community (Chaudhuri et al.[[2022].

6 Roadmap for Future Researchers

With our three focus areas—agriculture, energy, and transportation—explained and synergised with
contemporary RL literature, what is the road ahead? In this paper, we aim to offer two resources
to the broader community. Firstly, we present a collection of available resources for researchers—
including the previously cited papers as examples, along with many open-source codebases. The aim
is for these to orient new-joiners and help them get started in the field. Secondly, we taxonomise
three themes of work, with associated open questions, where we feel there will be maximal positive
impact. We centre our work on the South African context specifically.
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Table 1: Open-source RL environments across the three domains of agriculture, energy and trans-
portation.

Domain  Environment Name Description Link

An RL gym environment to train and compare

irrigation scheduling strategies.

An RL gym environment where a RL agent

can learn fertilization management policies.

A modification of the Decision Support

System for Agrotechnology Transfer (DSSAT)

Fortran software into an easy-to-manipulate Python

RL gym environment for researchers.

A RL environment based on the Soil and

Water Assessment Tool (SWAT). SWAT is a physics

SWATgym based river basin model that has been widely used to https://github.com/IBM/SWATgym
evaluate the effects of crop management decisions on

aquacrop-gym https://github.com/aquacropos/aquacrop-gym

Agriculture
gricutture https://github.com/BigDataWUR/crop-gym

CropGym

gym-DSSAT https://gitlab.inria.fr/rgautron/gym_dssat_pdi

water resources.
A RL gym environment for the

CityLearn implementation RL for building energy coordination https://github.com/intelligent-environments-lab/CityLearn

and demand response in cities.

A flexible framework to model power systoms and

benchmark safe controllers.

A suite of five environments designed to test the

performance of RL algorithms on realistic sustainable

energy system tasks, ranging from electric vehicle

charging to carbon-aware data-centre job scheduling.

RLAUC RL environment for unit commitment. https://github. con/pudemars/rlduc

Grid20p RL environment fo model sequential decision —]
making on power grids.

An RL environment aiming fo test RL,

Flatland solutions for scheduling trains on large, procedurally https://gitlab.aicrowd.com/flatland/flatland
Transportation generated networks.
& Logistics Deeplreight A freight delivery scheduling environment. https://github. com/LucasCJYSDL/DeepFreight|
InfraPlanner  Denchmark RL environment for infrastructure https://github.com/CivML-PolyMtl/InfrastructuresPlanner
maintenance planning
RL environments for Traffic Signal Control
with SUMO.

Energy

CommonPower https://github.com/TUMcps/commonpover

SustainGym https://github.com/chrisyeh96/sustaingym

https://github.com/rte-france/Grid20p

SUMO-RL https://github. com/LucasAlegre/sumo-rl

6.1 Building on the resources available

Previously, we outlined a wide range of works that attempt to apply RL to real-world tasks. Re-
searchers interested in applying RL in the South African context should certainly start by building
on these foundations, rather than necessarily starting from scratch. In Table [I] we summarise the
wide range of environment simulators that we found relevant to the problems discussed.

6.2 Open problems and future work

Now, we outline three distinct themes of work going forward, along with associated open problems.

Theme 1: Designing Simulators for South African Problem Settings. Building on the
existing work that has contributed RL environment simulators for various problem settings, there is
a significant opportunity for researchers to develop RL environment simulators tailored to address
South Africa’s unique challenges. By creating simulators that reflect the specific conditions and needs
of the country, researchers can make substantial contributions to the effectiveness and applicability
of RL in the local context. Here are three examples of where such simulators could be invaluable:

— Irrigation and Crop Simulators: Developing simulators that incorporate South Africa’s di-
verse crop types and regional rainfall patterns would be highly beneficial. These simulators
could model the effects of the country’s variable climate, which includes distinct rainfall sea-
sons—summer rainfall in the interior and winter rainfall in the Cape—providing a more accurate
tool for optimising agricultural practices.
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— Power Network Management Simulators: A simulator that accounts for the unique chal-
lenges of South Africa’s power grid could greatly enhance RL research in this area. This includes
the frequent power outages (load shedding) that are far more common than in more developed
economies, the long distances over which power must be transmitted, and the country’s varied
climate, which includes areas with very high solar irradiance and/or wind. Such a simulator
could aid in developing strategies for more resilient and efficient energy distribution.

— Transportation Network Simulators: Creating simulators that reflect the unique challenges
of South African cities could address critical transportation issues. The legacy of apartheid has
left a lasting impact on city layouts, resulting in long, sparse commuting corridors that are easily
disrupted. These simulators could model the inefficiencies and inequities of the current transport
system, including the challenges posed by the minibus taxi industry, which fills some gaps but
also faces issues of safety and affordability. Additionally, simulators could explore the impact of
South Africa’s extensive but ageing rail network, which, despite being one of the largest in sub-
Saharan Africa, suffers from neglect and requires significant upkeep. Developing such simulators
could help in creating more equitable and efficient transportation solutions that are vital for the
country’s Just Transition.

Theme 2: Collating South African data for Offline RL. Offline Reinforcement Learning
(RL) is an alternative approach to traditional RL that does not rely on a simulator [Levine et al.
[2020]. Instead, it trains models directly on pre-collected experience, making it a promising direc-
tion for applying RL in real-world scenarios where building a simulator would be impractical or
prohibitively expensive. However, for offline RL to be effective, researchers and practitioners need
access to extensive and relevant training data. Currently, no offline RL datasets are available for
South African-specific problem settings, which presents a significant opportunity. Collecting and
making the following types of data accessible to the research community could greatly enhance the
applicability of offline RL in South Africa:

— Agricultural Data: Historical data on crop yields and weather patterns would be invaluable for
developing offline RL systems that can support more informed and effective agricultural decision-
making, particularly in the context of South Africa’s diverse climates and farming practices.

— Electricity Usage Data: Access to detailed electricity consumption data could enable the
development of offline RL models for better load balancing and automatic demand response,
which are critical for improving the reliability and sustainability of South Africa’s power grid.

— Transportation Usage Data: Data from public transport systems, such as the MyCiTi bus
service, could be used to design offline RL systems for optimising bus schedules, improving
efficiency, and better meeting passenger needs.

By focusing on these areas, researchers can harness the power of offline RL to address some
of South Africa’s most pressing challenges, driving progress in sectors vital to the country’s Just
Transition.

Theme 3: Fundamental research on simulator-to-real transfer. A major challenge in ap-
plying Reinforcement Learning (RL) to real-world scenarios is the uncertainty of whether policies
learned in simulated environments will perform effectively, in reality, Salvato et al. [2021];|Zhao et al.
[2020a]. This "simulator-to-real transfer" problem limits the practical adoption of RL, as there are
no guarantees that strategies optimised in simulations will succeed when deployed outside them. To
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address this issue, fundamental research is needed to bridge the gap between simulation and real-
world applications. This could involve developing more accurate simulators, creating algorithms
that are more adaptable to real-world variations, or exploring techniques like domain adaptation
and transfer learning. Progress in this area is essential for making RL widely applicable in industries
such as autonomous systems and smart energy management. Without it, the full potential of RL in
real-world settings will remain unrealised, in South Africa and beyond.

7 Limitations

Crucially, this work should not be taken as a panacea to the problems facing South Africa—a simple
one-shot fix. These efforts are just one component of a broader suite of solutions to achieving the
goals of a future that is truly just and equitable. Technology plays an important part of in this
transition, indeed, but it cannot exist without other innovations and collaborations across a range
of disciplines and stakeholders. Moreover, even within technological development, there are a range
of factors to consider. For example, we have listed some (but not all) of the other dimensions worth
noting in these discussions, below.

— Digital Divide. The benefits of Al and 4IR are not equally distributed, and there is a risk of
widening the digital divide between those who have access to technology and those who do not.
Efforts are needed to ensure that all South Africans can participate in and benefit from the 4IR.

— Ethical Concerns. The deployment of Al raises ethical issues, including data privacy, bias in
AT algorithms, and the potential for job displacement. How should we handle theses concerns
and the affected people in a just way? Addressing them is crucial for the responsible development
and use of Al

— Infrastructure and Investment. For South Africa to fully leverage Al, significant investment
in digital infrastructure, such as high-speed internet and data centres, is required. Addition-
ally, fostering an innovation-friendly environment through supportive policies and investment in
research and development is essential.

Ultimately, we feel that developments towards a better future should always remain human-
centred and multi-faceted. There are many barriers still to be overcome, but if we can pursue these
ambitious goals with passion and purpose, a brighter future is certainly possible.

8 Conclusion

In this paper, we have demonstrated that there is a significant body of applied RL work in the
three critical domains of agriculture, energy, and transportation. These domains are essential for
advancing South Africa’s Just Transition towards a more sustainable and inclusive future. However,
despite the progress in applying RL to these areas, there are currently no significant RL applications
specifically tailored to the South African context. This gap presents an exciting opportunity for
future researchers to adapt and implement RL solutions that address the unique challenges faced by
South Africa. To this end, we have provided a roadmap outlining key areas where RL can be applied
and emphasised the importance of developing context-specific tools and strategies. By building on
existing research and addressing local needs, future researchers can make substantial contributions
to the Just Transition, ensuring that it is both technologically advanced and socially equitable.

Disclosure of Interests. The authors have no competing interests to declare.
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