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Abstract 
This study aims to explore the application of artificial intelligence (AI) in the resolution of sustainability challenges, with a 
specific focus on environmental studies. Given the rapidly evolving nature of this field, there is an urgent need for more fre-
quent and dynamic reviews to keep pace with the innovative applications of AI. Through a systematic analysis of 191 research 
articles, we classified AI techniques applied in the field of sustainability. Our review found that 65% of the studies applied 
supervised learning methods, 18% employed unsupervised learning, and 17% utilized reinforcement learning approaches. 
The review highlights that artificial neural networks (ANN), are the most commonly applied AI techniques in sustainability 
contexts, accounting for 23% of the reviewed methods. This comprehensive overview of AI techniques identifies key trends 
and proposes new research avenues to address the complex issue of achieving the Sustainable Development Goals (SDGs).
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Abbreviations
AI	� Artificial intelligence
ANN	� Artificial neural networks
ANFIS	� Adaptive neuro-fuzzy inference systems
CART​	� Classification and regression tree
CNN	� Convolutional neural networks
CV	� Computer vision
DL	� Deep learning
DQN	� Deep Q-learning network
DRL	� Deep reinforcement learning
EU	� European union
FNN	� Fuzzy neural networks
GA	� Genetic algorithms
GRNN	� General regression neural network
LLMs	� Large language models
LSTM	� Long short-term memory
MDGs	� Millennium development goals
ML	� Machine learning
MLP	� Multi-layer perceptron
NLP	� Natural language processing
OLS	� Ordinary least squares
PPO	� Proximal policy optimization
RF	� Random forest
RL	� Reinforcement learning
SDGs	� Sustainable development goals
SJR	� SCImago journal rank
SVM	� Support vector machines
UN	� United nations
XAI	� Explainable artificial intelligence
XGBoost	� Extreme gradient boosting

Introduction

Sustainable development is one of the most pressing chal-
lenges of the 21st century, underscored by global initia-
tives such as the 2030 Agenda of the United Nations, which 
outlines 17 SDGs aimed at tackling critical issues such as 
poverty, inequality, environmental degradation, and climate 
change (United Nations 2015). Complementing this, the 
European Union announced the Green Deal in 2019, with 
the aim of reducing greenhouse gas emissions and climate 
neutrality by 2050, with an interim goal of a reduction 55% 
below 1990 levels by 2030 (European Commission 2019). 
However, achieving these goals faces significant obstacles 
due to escalating anthropogenic pressures such as over-
extraction of groundwater, deforestation, urbanization, and 

agricultural expansion, which can strain water resources at 
regional levels. In addition, climate change is intensifying 
these challenges globally, with rising temperatures acceler-
ating evaporation rates, altering precipitation patterns, and 
increasing the severity and frequency of extreme weather 
events such as floods and droughts. For example, water 
resource management is becoming increasingly challenging, 
particularly in arid and semi-arid regions. In these regions, 
the rising occurrence and severity of extreme hydro-climatic 
events, including heavy rainfall, flooding, and droughts, have 
negatively impacted the hydrological cycle (Kumar et al. 
2022). Studies, such as those conducted in the Upper Betwa 
River basin in central India, demonstrate that climate change 
combined with changes in land use can lead to significant 
reductions in rainfall, surface runoff and groundwater per-
colation, further exacerbating water scarcity and complicat-
ing sustainable water management strategies (Kumar et al. 
2023). Furthermore, an assessment of the current progress 
in achieving the SDGs reveals that economy-related goals, 
such as SDG 8 (decent work and economic growth), SDG 
9 (industry, innovation, and infrastructure), and SDG 12 
(responsible consumption and production), are showing 
promising progress, with some regions nearing the objec-
tives. However, significant challenges remain in other areas, 
particularly SDG 4 (quality education), SDG 11 (sustain-
able cities and communities), and SDG 13 (climate action), 
where progress has been slow and many regions are far from 
meeting their targets. In addition, the study highlights sig-
nificant regional disparities in progress. Developed countries 
are generally closer to achieving many goals, particularly 
those related to economic growth and infrastructure. In con-
trast, regions such as Sub-Saharan Africa and South Asia 
face serious challenges, particularly in addressing poverty, 
hunger, education, and inequality. Climate action (SDG 13) 
and sustainable urbanization (SDG 11) are global issues that 
require more urgent attention in all regions to ensure that the 
2030 targets are met (Halkos and Gkampoura 2021). This 
study highlights the need for innovative tools and strate-
gies to drive progress toward the SDGs. AI has emerged as 
a transformative technology with the potential to address 
the SDGs. Its evolving capabilities in data analysis, pattern 
recognition, and predictive modeling make AI a powerful 
tool to optimize resource use, improve energy efficiency, and 
improve environmental monitoring (Sætra 2021). This capa-
bility of AI is evident in various applications that address a 
spectrum of sustainability challenges such as water conser-
vation (D’Amore et al. 2022; Mehmood et al. 2020), urban 



Int J Environ Res (2025) 19:1	 Page 3 of 36  1

sustainability (Damiani et al. 2021), clean energy (Ahmad 
et al. 2021, 2022; Krzywanski 2022), and waste manage-
ment (Aniza et al. 2023; Naveenkumar et al. 2023). Fig-
ure 1 underscores the growing interest in the application 
of AI to achieve the SDGs by showing the annual number 
of new published studies from 2000 to 2024 related to AI 
and the SDGs, obtained from Google Scholar. The search 
was performed on 31st August 2024, indicating that publi-
cations for the year 2024 are still being processed, with the 
total expected to increase. The search utilized the keywords 
"AI" AND "SDG", and the publication count per year was 
recorded.

Despite its promise, AI’s role in sustainability is not 
without challenges. The environmental cost of developing 
and deploying AI models, particularly in terms of energy 
consumption and carbon emissions, presents a paradox that 
must be addressed (Strubell et al. 2019). Moreover, con-
cerns about algorithmic bias, transparency, and fairness raise 
ethical questions that need careful consideration (Fox et al. 
2022). As a result, responsible integration of AI into sustain-
ability efforts requires a balanced approach that maximizes 
its benefits while mitigating its risks. This review seeks to 
provide a comprehensive examination of the current role of 
AI in advancing sustainability. Therefore, this study explores 
current AI methodologies and their applications in various 
sustainability domains, highlighting their impact on SDG 
achievement. The novelty of this review lies in its detailed 
analysis of how AI can be leveraged as a catalyst for innova-
tion, while also offering insight into the ethical implications 
and systemic challenges that accompany its integration into 
sustainability frameworks. By providing a structured over-
view of AI applications, challenges, and future directions, 
this review aims to contribute valuable knowledge to the 
growing discourse on sustainable development in the age 
of AI. The rest of this paper is structured as follows: Sect. 2 
aims to elucidate key AI and sustainability terminology, 
ensuring a shared understanding of the terms used through-
out the review. Section 3 explains the methodology of this 
review. The core of the review, located in Sect. 4, organizes 

the literature on AI methodologies, examining their applica-
tion in various scenarios related to SDGs. Each subsection 
delves into applied AI methods, their implementation, and 
quantified outcomes, illustrating the efficacy of these meth-
odologies in achieving sustainability goals through empiri-
cal evidence and numerical data. Section 5 synthesizes the 
main findings and considers their implications for addressing 
sustainability challenges and identifying prospective avenues 
for future research. Section 7 culminates in a summary of 
key insights.

Theoretical foundations and related work

AI is increasingly recognized for its potential to drive sus-
tainable development in multiple domains. The integration 
of AI in digital education enhances the sustainability of 
educational management systems by improving educational 
outcomes through personalized learning, adaptive learning 
platforms, intelligent tutoring systems, and natural language 
processing (NLP). Predictive analytics identify at-risk stu-
dents, allowing timely interventions.

The ethical implications and responsible integration of 
AI are vital for its successful implementation, as these fac-
tors ensure that AI technologies are used in ways that align 
with societal values, fairness, and transparency. Ethical con-
cerns, such as bias, discrimination, privacy violations, and 
the potential for misuse, must be proactively addressed to 
prevent harm and build trust. In addition, responsible inte-
gration of AI involves creating frameworks and policies that 
guide the development, deployment, and use of AI in ways 
that prioritize human well-being, accountability, and sustain-
ability (Suryanarayana et al. 2024). For example, ensuring 
explainability, safeguarding data, and promoting equitable 
access to AI tools are essential practices that contribute to 
an ethically sound and socially responsible AI landscape.

The optimization of supply chains through blockchain 
and AI improves sustainable development by improving 
transparency, traceability, and accountability. Blockchain 
supports responsible sourcing and fair-trade practices, while 
AI’s predictive capabilities improve resource allocation, 
minimize waste, and facilitate informed decision-making.

Policy recommendations are provided by a range of 
stakeholders, including governmental agencies, interna-
tional organizations, think tanks, academic researchers, 
and industry experts. These entities collaborate to ensure 
that digital innovation is aligned with sustainability objec-
tives. For instance, governmental bodies such as the United 
Nations, the European Union, or national governments may 
draft guidelines and regulations that promote the responsible 
use of digital technologies in ways that reduce environmen-
tal impact. Academic researchers and think tanks contribute 
by conducting studies that highlight the relationship between Fig. 1   Analysis of pulished paper over the last 24 years
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digital technologies and sustainability, providing data-driven 
insights to inform policy. Additionally, industry leaders and 
non-governmental organizations (NGOs) often play a key 
role by advocating for best practices, supporting green inno-
vation, and promoting corporate social responsibility in tech 
development (Hong and Xiao 2024).

The integration of AI in ecosystem management focuses 
on modeling complex ecological interactions and predict-
ing changes, aiding conservation efforts. AI monitors biodi-
versity and ecosystem health, focusing on interdisciplinary 
approaches to effective management.

The challenges and solutions related to AI-based per-
sonalized e-learning systems address data privacy, bias in 
AI algorithms, and the digital divide. The benefits of per-
sonalized education through AI include improved student 
engagement and learning outcomes. Solutions for effective 
AI implementation are proposed based on literature reviews 
and case studies (Tripathi et al. 2024). Various technolo-
gies, including AI, contribute to sustainable development 
in sectors such as agriculture, energy and manufacturing. 
Sustainable technology policies and frameworks are crucial, 
with case studies highlighting significant improvements in 
sustainability through technology (Coccia 2024). The role 
of AI in urban planning focuses on achieving SDGs by opti-
mizing land use, transportation systems, and infrastructure 
development. AI-driven urban planning improves sustaina-
bility by reducing carbon footprints, enhancing green spaces, 
and improving the overall quality of life of residents. Case 
studies demonstrate how cities have successfully integrated 
AI to solve urban challenges, from traffic congestion to waste 
management, showing practical applications and the ben-
efits of AI-driven urban planning (Regona et al. 2024). The 
application of AI in optimizing renewable energy systems 
highlights the role of AI in enhancing the efficiency and reli-
ability of renewable energy sources, predictive maintenance, 
and energy management. Case studies and quantitative anal-
ysis of AI applications in renewable energy illustrate how AI 
technologies, such as machine learning (ML) and artificial 
neural networks (ANN), can predict energy production from 
renewable sources such as wind and solar, optimize energy 
storage and improve grid management, contributing to a 
more sustainable and resilient energy infrastructure (Raman 
et al. 2024). AI applications in agriculture promote sustaina-
bility through AI-driven precision agriculture, resource man-
agement, crop monitoring, and pest control. Reviewing and 
analyzing case studies on AI implementations in agriculture 
reveal how AI helps farmers make data-driven decisions to 
optimize yields, reduce waste, and use resources more effi-
ciently, demonstrating AI’s transformative impact on agri-
cultural sustainability (Coccia 2017). Finally, AI innovations 
in healthcare support sustainable development by improv-
ing diagnostics, treatment plans, patient management, and 
healthcare delivery efficiency. Reviews and case studies in 

healthcare settings illustrate how AI-powered diagnostic 
tools, personalized treatment plans, and predictive analytics 
for patient care management can improve healthcare access, 
reduce costs, and improve patient outcomes. The potential of 
AI to revolutionize healthcare and contribute to sustainable 
health systems is significant (Jauhiainen 2024).

Sustainability

Sustainability is a broad concept that refers to the ability 
to maintain or support a process continuously over time. It 
encompasses ecological, social, and economic dimensions, 
ensuring that activities or processes do not deplete resources 
or harm ecological and social systems beyond their capac-
ity to recover Brown et al. (1987). Therefore, sustainability 
can be thought of as the goal or the end state we are try-
ing to achieve, which is a balanced interaction between the 
environment, society, and economy such that it can continue 
indefinitely. A similar concept, sustainable development, on 
the other hand, is a more dynamic concept that describes 
the process or approach to achieving sustainability. It was 
defined in the Brundtland Report in 1987 as follows [26]:

"Sustainable development is development that meets 
the needs of the present without compromising the 
ability of future generations to meet their own needs."

This definition also emphasizes the importance of consid-
ering the economic, social, and environmental aspects of 
development in a balanced way to ensure the long-term well-
being of present and future generations (Osaki and Kensuke 
2013; Ruggerio 2021). To achieve sustainable development, 
several political initiatives have been established. First, the 
Millennium Development Goals (MDGs) were announced 
in 2000 with eight specific goals aimed at addressing major 
global challenges. These goals were aimed primarily at 
developing countries, focusing on issues such as extreme 
poverty, hunger, disease, lack of adequate schooling, and 
environmental degradation [29]. Each goal had specific tar-
gets to be achieved by 2015 and was a product of their time, 
emphasizing reduction over comprehensive systemic change. 
In 2015, the United Nations adopted the SDGs as a succes-
sor to the MDGs, with a broader agenda and a longer time-
line set to 2030. The SDGs comprise 17 goals, significantly 
expanding the scope of the original MDGs. They incorpo-
rate more nuanced challenges of sustainable development, 
such as economic inequality, innovation, sustainable con-
sumption, peace, and justice, among others (United Nations 
2015). One of the critical advances in the SDGs over the 
MDGs is the shift from a dichotomous view of developed 
and developing countries to a more inclusive framework. 
This shift reflects the realization that sustainable develop-
ment challenges are global and not confined to countries 
traditionally viewed as "developing." For example:
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•	 Goal 13 (Climate Action) is universally applicable and 
requires action from all countries, regardless of their eco-
nomic status, to address climate change effectively.

•	 Goal 10 (Reduced Inequalities) focuses on reducing ine-
quality within and between countries, acknowledging that 
inequality is a global issue affecting all nations.

Fig. 2 is a conceptual diagram that illustrates the relationship 
between the SDGs.

It is structured in concentric layers with the following 
components:

•	 Biosphere: At the foundation, it is represented as the 
largest and bottom layer, reflecting its fundamental 
support role for life and human activity. It specifically 
highlights SDG 6 (Clean Water and Sanitation), SDG 13 
(Climate Action), SDG 14 (Life Below Water) and SDG 
15 (Life on Land).

•	 Society: The middle layer, showing that society is built 
on the biosphere and depends on its health and stability. 
It encompasses various SDGs related to social aspects: 
SDG 1 (No Poverty), SDG 2 (Zero Hunger), SDG 3 
(Good Health and Well-being), SDG 4 (Quality Educa-
tion), SDG 5 (Gender Equality), SDG 7 (Affordable and 
Clean Energy), SDG 11 (Sustainable Cities and Com-
munities) and SDG 16 (Peace, Justice, and Strong Institu-
tions).

•	 Economy: The top layer, indicating that a sustainable 
economy is supported by a strong society and a healthy 
biosphere. It includes SDG 8 (Decent Work and Eco-
nomic Growth), SDG 9 (Industry, Innovation, and Infra-

structure), SDG 10 (Reduced Inequality), and SDG 12 
(Responsible Consumption and Production).

•	 SDG 17 (Partnerships for the Goals): Positioned at the 
top, signifies its role in unifying and facilitating the 
achievement of all other SDGs through global partner-
ships.

The figure visualizes the SDGs not as isolated or individual 
targets, but as interconnected components of a single system. 
The economy and society are shown to be embedded within 
the biosphere, highlighting the importance of environmen-
tal sustainability as the foundation for social stability and 
economic prosperity.

We have expanded the scope of the SDGs to incorporate 
the European Green Deal Goals.

These goals focus on three principles that aim to facilitate 
the transition to clean energy. These principles encompass 
ensuring a secure and affordable energy supply throughout 
the EU, fostering the development of a fully integrated, 
interconnected, and digitalized EU energy market, and pri-
oritizing energy efficiency. It involves enhancing the energy 
performance of buildings and cultivating a power sector with 
a foundational reliance on renewable resources (European 
Commission 2019).

Several other political initiatives could have been consid-
ered alongside the European Green Deal Goals and SDGs 
but have been excluded for various reasons. The Paris 
Agreement, while a vital global commitment to reducing 
carbon emissions, does not provide detailed actionable poli-
cies. America’s Pledge on Climate Change, focused primar-
ily on the United States, and China’s Ecological Civilization, 

Fig. 2   Stockholm Resilience 
Center wedding cake represen-
tation of the SDGs (Azote for 
Stockholm Resilience Centre 
2016)
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centered on national governance, lack the transnational 
scope and detailed policy frameworks that are key charac-
teristics of the European Green Deal and the SDG. Addition-
ally, the U.S. Green New Deal, though ambitious, remains 
largely conceptual with significant political obstacles pre-
venting its implementation. In contrast, the European Green 
Deal aligns well with the SDGs and offers a region-specific, 
actionable, and already implemented framework, making it a 
more suitable choice for immediate integration and enrich-
ment of sustainability goals within Europe.

Evaluating each individual SDG and European Green 
Deal Goal is not practical for our use case since the alloca-
tion would result in too few papers for each category, making 
the analysis less robust. Therefore, we adopted the clustering 
approach of Vinuesa et al. (2020) and organized the SDGs 
and the European Green Deal Goals into four clusters, "Eco-
nomic Growth and Infrastructure", "Social Well-Being and 
Poverty", "Environment and Climate Action", "Partnerships 
and Implementation", which is shown in Fig. 3. We identi-
fied the clusters by integrating the layers of the wedding cake 
model with the groupings identified by Vinuesa et al. (2020) 
which allowed us to align the layers of biosphere, society 
and economy of the wedding cake model with the environ-
mental, social and economic clusters, while also incorporat-
ing a distinct focus on partnerships and implementation. The 

assignment of SDGs to each cluster was adopted from both 
sources, while we assigned the European Green Deal goals 
ourselves based on their similarities to the corresponding 
clusters. This approach helps to provide a structural over-
view of the complex and multifaceted goals.

The SDGs and European Green Deal Goals are deeply 
interrelated and have far-reaching implications across sectors 
and disciplines. Economic objectives cannot be separated 
from environmental issues, social objectives require the 
formation of partnerships, and the effects of environmental 
actions influence socio-economic areas.

One key area of intersection is the integration of eco-
nomic, environmental and social goals. Research highlights 
how the circular economy, the green economy and the bioec-
onomy converge in their goals to unify the SDGs. Although 
distinct, these frameworks share common ground in their 
quest to balance economic growth with ecological prudence 
and social equity. A comparative analysis reveals that while 
these concepts operate under different assumptions, they all 
contribute to a sustainable framework by weaving economic 
activities with environmental mindfulness and social well-
being (D’Amato et al. 2017). System integration is another 
critical intersection. It is essential to integrate various com-
ponents of coupled human and natural systems to address 
global sustainability challenges effectively. This integration 

Fig. 3   The 4 Clusters of the SDGs and the European Green Deal Goals
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requires holistic approaches that consider socioeconomic 
and environmental effects simultaneously. Developing effec-
tive policies to tackle interconnected issues such as climate 
change, loss of biodiversity, and resource scarcity showcases 
how systemic thinking can lead to more effective sustain-
ability strategies (Liu et al. 2015). Analytical and theoretical 
frameworks also play an important role in understanding 
the intersections between environmental and social domains. 
Frameworks such as the capability approach and social cap-
ital are used to analyze these interactions. Understanding 
the environmental-social interface is crucial to holistically 
address sustainability, as frameworks that consider both 
social and environmental dimensions can lead to more sus-
tainable outcomes (Lehtonen 2004). Finally, the conceptual 
representation of sustainability itself can influence how these 
intersections are understood and acted upon. Some research 
critiques traditional visual representations of sustainability, 
advocating for models that depict the dynamic and intercon-
nected nature of sustainability dimensions (Lozano 2008).

As a result, the proposed clustering has to be seen as a 
highly simplified approach to help understand the applica-
tion of AI in the wide range of SDGs and European Green 
Deal goals rather than strict and non-overlapping clusters.

Artificial intelligence

AI encompasses a wide-ranging field with the objective of 
developing systems capable of performing tasks that tra-
ditionally require human intelligence. Such tasks include 
learning from experience, interpreting natural language, 
discerning patterns, and decision-making (Kühl et al. 2020; 
Schoormann et al. 2023).

In discussions of AI, several terms such as ML, Deep 
Learning (DL), and Statistical Learning are frequently used 
in a similar context. Although these terms are widely applied 
across various domains, their exact definitions and usage can 
vary, often resulting in misunderstandings. Figure 4 illus-
trates the relationships and terminologies within these fields 
(Kühl et al. 2020).

ML, a subset of AI, is a computational technique that 
uses information to improve performance or make accurate 
predictions (Mohri et al. 2018). It is characterized by its abil-
ity to learn from data without being explicitly programmed. 
ML algorithms are often categorized into supervised learn-
ing (SL), unsupervised learning (UL), and reinforcement 
learning (RL). However, for more nuanced classification, 
additional variations such as Semi-Supervised Learning, 
DL, Transfer learning, and Ensemble learning are consid-
ered. These provide a more comprehensive and granular dif-
ferentiation of methods and approaches (Kühl et al. 2020; 
Mohri et al. 2018).

DL, a subset of ML, uses ANNs with multiple layers. 
These layers allow the model to learn complex patterns 
from large amounts of data in hierarchical order. DL has 
been instrumental in breakthroughs related to classification, 
speech recognition, NLP, and other tasks such as computer 
vision (CV) (Mohri et al. 2018; Schoormann et al. 2023).

Building on these advances, the latest trend in AI is the 
development of even larger and more powerful language 
models. For example, GPT-3 (4) one of the latest iterations 
of the Generative Pre-trained Transformer series has 175 
(1700) billion parameters, making it one of the largest and 
most powerful language models to date (Brown et al. 2020). 
These models are increasingly adept at understanding con-
text, which makes them more useful for a wide range of 

Fig. 4   General terminology for this literature review (Schoormann et al. 2023)
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tasks (Ding et al. 2023). This transition from DL to large 
language models (LLMs) and generative models, in general, 
illustrates the interconnections and continuous evolution of 
these fields. In terms of sustainability, LLM and generative 
AI have several potential applications. For example, they 
can be used to optimize energy use in data centers or other 
large-scale operations, reducing their environmental impact 
(Schwartz et al. 2019). They can also be used to model and 
predict the effects of climate change, helping policymak-
ers make informed decisions about sustainability measures 
(Rolnick et al. 2019).

However, it is important to note that these models also 
have environmental costs. Training large AI models requires 
a significant amount of computing resources, which in turn 
requires a lot of energy. This led to concerns about the car-
bon footprint of AI research and efforts are being made to 
become more energy efficient (Strubell et al. 2019). In sum-
mary, generative AI and LLM represent an exciting frontier 
in AI research. They have the potential to revolutionize many 
industries and contribute to sustainability efforts.

Related works

The integration of AI in diverse sectors has garnered signifi-
cant attention, highlighted by the extensive literature that 
evaluates its applications and contextual effectiveness. This 
section will delve into how AI has been utilized within vari-
ous sustainability domains, reflecting on both the breadth 
of coverage and potential areas that may require further 
investigation.

In the realm of environmental and sustainability research, 
LLMs and NLP have emerged as powerful tools. For exam-
ple, the pivotal role of AI in the advancement of climate 
research and sustainability efforts is discussed, advocating 
a regulated progression of AI technologies to address major 
social challenges such as climate change. The role of AI in 
improving research operations, democratizing knowledge 
access, and aiding comprehensive policy development is 
emphasized, with a call for proactive regulation over halt-
ing technological advances (Larosa et al. 2023).

Furthermore, the literature reveals a substantial focus 
on the intersection of information systems and AI within 
sustainability contexts. Studies demonstrate the transforma-
tive impact of AI on the sustainable energy sector. A frame-
work for AI-based energy efficiency improvements and the 
integration of renewable energy into the grid is presented 
(Schoormann et al. 2023). ML applications are explored 
to optimize energy production and reduce environmen-
tal impact (Ahmad et al. 2021). The applications of AI in 
renewable energy, including DL tools for energy demand 
prediction and smart meter analysis, are reviewed (Rangel-
Martinez et al. 2021).

AI applications in sustainable food systems are explored, 
focusing on precision agriculture, supply chain optimization, 
and reducing food waste. The role of AI in agriculture, par-
ticularly in precision farming technologies such as remote 
sensing, AI-driven irrigation systems, and predictive pest 
control models, is highlighted (Camaréna 2020). The role 
of AI in sustainable healthcare is investigated, focusing on 
diagnostics, patient management, and resource allocation 
for energy-efficient hospital operations (Vishwakarma et al. 
2023). The applications of AI in water and wastewater man-
agement, where AI optimizes treatment processes, monitors 
water quality, and improves resource management efficiency 
was evaluated (Viet et al. 2022).

Regarding predictive technologies, an extensive review 
of ANN, Support Vector Machines (SVM), and other time 
series prediction techniques is provided for building energy 
optimization (Ahmad et al. 2014). AI-based forecasting 
models are also compared, including regression methods to 
optimize building energy consumption (Deb et al. 2017). 
Different AI models, such as regression models and deci-
sion trees, are explored to predict building energy use, high-
lighting the critical role of accurate forecasting in building 
energy management (Zhao and Magoulès 2012). Emerging 
AI methods in structural engineering are also examined, dis-
cussing the expanding influence of AI on structural health 
monitoring, design optimization, and predictive maintenance 
in construction (Salehi and Burgueño 2018).

Another study evaluates the effectiveness of various ML 
models in predicting daily streamflow in a semi-arid river 
using key hydro-meteorological factors such as rainfall, 
temperature, and solar radiation. The study applies models 
including bagging ensemble learning, boosting ensemble 
learning, Gaussian process regression (GPR), and automated 
machine learning (AutoML). Among these, bagging ensem-
ble learning was the most effective, achieving a correlation 
coefficient of 0.80 and root-mean-square error (RMSE) of 
218 (Kumar et al. 2024).

In the social domain, an article explores the implications 
of ChatGPT and AI on humanity, science, and education. 
It debates whether ChatGPT-4 represents a revolutionary 
advancement in machine science or an epistemological 
threat. The authors discuss AI’s impact on various fields, 
including education, where it raises concerns over job dis-
placement, ethics, and biases in AI systems. A critical per-
spective is given on how AI challenges traditional human 
roles in knowledge production, with questions raised about 
the potential for AI to exceed human cognitive capacities 
and whether AI might blur the line between human and ML 
in the future (Peters et al. 2024). A similar article links gen-
erative AI developments with discussions on job displace-
ment and productivity growth. It explores how AI, particu-
larly through computational processes and immersive reality, 
transforms employment and redefines job roles, offering new 
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perspectives on workforce skills and operational efficiency. 
AI is presented as a disruptor of traditional labor practices, 
challenging the idea that human workers alone are essential 
for productivity. The text emphasizes that AI is not just an 
automation tool but part of a larger shift that reconfigures 
managerial roles, workforce demands, and labor market out-
comes in a world increasingly driven by ML and autonomous 
systems (Cramarenco et al. 2023). In addition, an article 
connects the impact of AI with discussions surrounding the 
skills and well-being of employees in the global labor mar-
ket. It examines how AI, particularly through the adoption 
of new technologies, reshapes employee skills, necessitating 
up-skilling and re-skilling, and its effect on personal well-
being. AI is presented as a key driver of change, challenging 
traditional role and competency roles, while the need for 
digital skills is emphasized. The text underscores that AI is 
not merely a tool, but part of a larger shift that redefines both 
professional and personal dimensions of work, influencing 
employee satisfaction, mental health, and overall job secu-
rity in an increasingly automated global economy (Lazaroiu 
and Rogalska 2023).

This review adopts a wider approach, including various 
SDGs to offer a holistic perspective on AI applications in 
multiple domains. This differs from previous sector-specific 
reviews, such as those focused on AI and data fusion in envi-
ronmental monitoring (Holloway and Mengersen 2018), and 
analyses of pre-2022 algorithms used in this field (Kar et al. 
2022). The rapid expansion of AI-driven research, particu-
larly in sustainability, demands continuous updating and 
reassessment of the literature.

Furthermore, many of the reviews mentioned were pub-
lished before 2020 and may not adequately reflect the lat-
est advancements such as the transformer architecture and 
LLMs. Furthermore, the predominant focus on SL and UL 
in the existing literature overlooks the growing relevance 
of RL, underscoring a significant gap. Given the fast-paced 
evolution of the field, addressing these gaps is crucial. This 
involves identifying key sustainability sectors where AI has 
been applied and pinpointing overlooked areas that may ben-
efit from AI integration. Furthermore, in light of the rapid 
advances in AI methodologies, we must consider strate-
gies to remain at the forefront of long-lasting innovations, 
ensuring that our research remains relevant and impactful in 
addressing sustainability challenges.

To provide a deeper understanding of this research 
domain, we conducted a comprehensive and structured 
review of the literature. This review is based on the follow-
ing research questions.

•	 RQ1: What AI methodologies have been implemented to 
address specific SDGs?

•	 RQ2: What are the potential future areas of interest in the 
AI domain for advancing the SDGs?

In addressing RQ1, our goal is to provide a detailed over-
view of various AI methods utilized for different SDGs. This 
will help to elucidate how AI contributes to the achieve-
ment of specific sustainability goals, clarifying the current 
landscape of AI applications in sustainability. For RQ2, our 
aim is to identify future research directions by uncovering 
potential applications of AI that have not yet been realized 
in the context of the SDGs. This question is motivated by 
the identified gaps in the literature, particularly the need to 
explore the applications of newer AI methodologies such 
as RL and the latest advancements in AI technologies. 
Through exploration of these research questions, our aim is 
to improve the understanding of existing AI techniques used 
in the context of the SDGs and to pinpoint prospective direc-
tions for future research. This will ensure that our work not 
only reflects the state-of-the-art but also guides future efforts 
toward more impactful and comprehensive AI applications 
in sustainability.

Research methodology

Sample, sources, and data

The search included prominent databases such as IEEE 
Xplore Digital Library, Scopus, Web of Science, ACM 
Digital Library, and ScienceDirect, using a combination of 
keywords as depicted in the PRISMA flowchart (Fig. 5). The 
search period was limited to peer-reviewed academic jour-
nals and conference proceedings written in English from the 
start of 2017 to the end of 2023.

We supplemented our search strategy with a snowball 
search based on reviews of core literature in this area of 
interest. This method allowed us to identify and include 
additional relevant studies that may have been missed in the 
initial database search or have been published before our 
cut-off date. The core literature for snowballing was based 
on reviews by Kar et al. (2022), which analyzed algorithms 
used before 2022, thus overlapping with our search period. 
Furthermore, Schoormann et al. (2023) had a focused view 
on the energy sector, which is a secondary focus of our 
review, yet many relevant articles were identified.

In the selection phase, a threshold SJR (SCImago Journal 
Rank) score of 1 was used to ensure the inclusion of jour-
nals with a standard level of scientific influence and quality 
in their academic discipline (González-Pereira et al. 2010). 
This means that during the initial screening phase, any jour-
nal with an SJR score below 1 was excluded from further 
consideration. However, it is important to note that this SJR 
threshold was specifically used only in the screening phase 
to narrow down the pool of potentially relevant journals. 
For the subsequent snowballing phase, which involves fol-
lowing citation trails to identify additional relevant articles 
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regardless of the journal’s SJR score, the SJR threshold was 
not considered. This approach in the snowballing phase 
allows for the inclusion of potentially valuable studies that 
could reside in less cited journals, ensuring a comprehensive 
review of all relevant literature without bias towards journal 
impact factors.

In our systematic review of the intersection between AI 
and sustainable development, careful selection of keywords 
was crucial to accurately capture the relevant literature. The 
keywords chosen span a broad range of concepts associated 
with both AI technologies and sustainability issues.

Initially, we identified primary keywords for both 
domains, including "Sustainability OR SDG OR Sustain-
able Development Goals" to capture a holistic view of the 
sustainability domain, and "AI OR artificial intelligence OR 
a.i. OR Machine Learning OR ML OR Deep Learning" to 

encompass the range of AI methods used to address various 
SDGs.

In the second step, we enriched these broad keywords. 
For AI keywords, we addressed a gap in the literature con-
cerning the identification of RL methods used in the con-
text of the SDGs, as several reviews focused on SL and UL 
but neglected RL. Therefore, we integrated "Reinforcement 
Learning" as a separate keyword, while SL and UL are cov-
ered more broadly with the general terms.

The sustainability keywords were enriched with environ-
mental sustainability keywords, focusing on climate action: 
"Climate Action OR Eco-friendly OR Green OR Envi-
ronmental." Given that sustainability is a very broad con-
cept, not all relevant keywords can be included. Therefore, 
we limited the addition of keywords in the sustainability 
domain to a maximum of five keywords to maintain focus 

Records identified from:
Databases (n = 1218)

Records removed before
screening:

Duplicate records removed
(n = 204)
Records removed for other 
reasons (n = 14) *

*Abstract language is not English

Records screened:
(n = 1195)

Reports excluded:
Missing relevant SDG focus
Missing ML method
Low Journal Rating  

(n = 1004)

Studies included in review:
(n = 191)

Identification of studies via databases 
noitacifitnedI

gnineercS
dedulcnI

Records identified from core
literature:

Identification of studies via
snowballing

sdro
wye

K

Artificial intelligence OR AI OR a.i OR machine learning OR ML OR Deep
Learning OR Reinforcement Learning

AND

Sustainability OR Climate Action OR SDG OR Sustainable Development
Goals OR Eco-friendly OR Green OR Environmental 

In Peer-reviewed, academic journals, conference paper, English

Fig. 5   Adapted PRISMA flow (Page et al. 2021)
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and manageability. Furthermore, any keyword that did not 
achieve a consensus of at least 50% among the authors was 
excluded.

Our emphasis on environmental keywords is driven by 
several reasons: First, the foundational role of the biosphere, 
as illustrated by the Stockholm Resilience Center’s wedding 
cake model, positions environmental sustainability as the 
basis upon which societal well-being and economic prosper-
ity are built. Second, the European Green Deal emphasizes 
the urgent need to address environmental issues, particu-
larly climate action, as a critical priority. Third, the litera-
ture underscores that significant impacts can be achieved in 
the environmental domain, highlighting the practical focus 
on areas where AI can produce tangible and quantifiable 
benefits (Larosa et al. 2023; Camaréna 2020; Vishwakarma 
et al. 2023; Viet et al. 2022; Vinuesa et al. 2020).

The keyword selection process is summarized in Table 1.

Data analysis procedure

Following the selection of keywords, we systematically 
analyzed and evaluated the identified studies, examin-
ing their research methods, findings, and contributions to 
the field with a focus on quantifying potential reductions 

in resource consumption and greenhouse gas emissions 
enabled by different AI technologies. This allowed us to 
synthesize a comprehensive overview of the current state 
of research in this area.

The data analysis procedure was carried out in the fol-
lowing steps: 

1.	 Initial Screening: During the initial screening phase, 
studies were evaluated based on the inclusion and exclu-
sion criteria summarized in Table 2. The screening pro-
cess involved reviewing only the titles and abstracts 
of the studies to determine their relevance. The inclu-
sion criteria ensured that only peer-reviewed academic 
journals and conference proceedings were considered. 
Articles had to be written in English and fall within the 
scope of the SDGs or the European Green Deal. Further-
more, studies needed to have a minimum SJR score of 
1. The exclusion criteria filtered out non-peer-reviewed 
sources, articles without full text, those not within the 
specified context, or lacking AI methodology.

2.	 Detailed Analysis: For studies considered relevant or 
for those where the relevance was ambiguous based on 
the title and abstract, the complete article was examined. 

Table 1   Keyword selection process and their specific rationale

Step Keyword Rationale for selection

Step 1 Artificial Intelligence, AI, a.i., Machine Learning, 
ML, Deep Learning

These terms aim to cover a broad spectrum of AI technologies pivotal for address-
ing SDGs, capturing the variety of methods used in AI-driven sustainability 
solutions

Step 1 Sustainability, Sustainable Development, SDG These keywords are selected to encompass both the process ("Sustainable Devel-
opment") and the goal ("Sustainability") of maintaining global socio-economic 
growth without depleting natural resources, acknowledging their slightly differ-
ent connotations in the literature. Additionally, "SDG" emphasizes the global 
commitment towards these goals

Step 2 Reinforcement Learning We addressed the gap in the literature concerning the identification of RL methods 
used in the context of the SDGs, as several reviews focused on SL and UL, but 
neglected RL. Therefore, we integrated RL as a separate keyword

Step 2 Climate Action, Eco-friendly, Green, Environmental Focused on the environmental aspects of the SDGs, these terms ensure the inclu-
sion of studies that are involved in ecological preservation and the development 
of environmentally conscious technologies. "Climate action" aligns directly with 
SDG 13, targeting climate change mitigation, whereas "Eco-friendly" and "Envi-
ronmental" broaden the scope of the review to include general environmental 
stewardship

Table 2   Inclusion and exclusion 
criteria used for the initial 
screening and detailed analysis 
of the review

Inclusion criteria Exclusion criteria

Peer-reviewed academic journals and conference proceedings Not open access or paper without full text
Articles published between 2017 and 2023 Neither within the SDG context nor 

within the European Green Deal 
context

Articles written in English Missing AI methodology
Studies with a SJR score of<1
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Each selected study was then analyzed in detail with a 
focus on:

•	 Research Methods: The type of AI techniques used, 
such as ANNs.

•	 Findings: Key outcomes and results of applying AI 
technologies in sustainability contexts.

•	 SDG Cluster: Determining the relevant SDG Cluster 
for each article.

3.	 Synthesis of Results: The findings from the detailed 
analysis were synthesized to provide a comprehensive 
overview of the current research landscape.

Results

The subsequent section outlines the findings of our review. 
It is important to note that the main focus of this study is 
the intersection of AI and sustainability. Although a related 
concept, sustainable AI, is an important sub-stream within 
this context, it is not the main area of research.

First, we analyzed the studies from a geographical, i.e., 
continental perspective. Figure 6 illustrates the geographical 
distribution of the authors who contributed to research on 
AI applications related to the SDGs. Six continents, Asia, 
Europe, North America, Africa, Oceania, and South Amer-
ica, are represented by distinct arcs, with the size of each arc 
corresponding to the proportion of authors from that region.

Asia contributes the highest share of authors at 40%, fol-
lowed by Europe at 26% and North America at 25%. Fewer 

contributions come from Africa (5%), Oceania (4%), and 
South America (1%).

The chords between continents represent co-authorship 
and collaboration. Asia shows extensive internal collabo-
ration, with strong links to Europe and North America. 
Similarly, Europe and North America have robust internal 
and intercontinental ties, particularly with Asia. In contrast, 
Africa, Oceania and South America have fewer collaborative 
connections, primarily linking to Europe and Asia.

In general, the diagram highlights the dominance of Asia, 
Europe, and North America in AI related SDG research, 
while also demonstrating that collaborations are generally 
stronger within the same continent compared to between 
different continents.

Table 3 was created based on a combination of the results 
of the consensus-based survey of Vinuesa et al. (2020) and 
the structural framework outlined by Schoormann et al. 
(2023). To further refine this structure, we adapted it to our 
clustering approach, allowing for a more tailored representa-
tion of how AI methodologies align with the SDG clusters.

The table categorizes the impact of AI on the SDGs by 
indicating potential positive and negative effects. Each col-
umn of the table corresponds to a different SDG, represented 
by its respective number. The columns adjacent to each SDG 
show percentages reflecting the extent of AI’s impact: one 
for positive impacts and another for negative impacts on 
the targets within that specific SDG. For example, a value 
of 100% in the positive impact column suggests that AI is 
perceived capable of benefiting all the targets under that 
particular SDG. In contrast, an 80% in the Negative Impact 
column suggests that 80% of the targets could potentially 
experience negative effects due to AI developments. The 
percentages in the table depicting the impact of AI on the 
SDGs are derived from a consensus-based expert elicita-
tion process. This process involved gathering insights from 
a diverse group of experts, including those with backgrounds 
in engineering, social sciences, sustainability, and other 
relevant fields. These experts use a systematic approach 
to assess the extent to which AI can enable or inhibit the 
achievement of specific targets within each SDG. Expert 
elicitation is informed by a comprehensive review of the 
existing literature and studies that link AI technologies to the 
targets of the SDGs. Experts evaluate evidence from various 
sources, including peer-reviewed publications, reports from 
reputable organizations, and real-world applications of AI. 
Each piece of evidence is scrutinized for relevance, reliabil-
ity, and applicability to the targets being assessed (Table 4).

It is important to note that the fourth cluster, which 
focuses on partnerships and implementation, could benefit 
the least from the continued emergence of AI because it 
relies a lot on social interactions and relationships.

If we focus on the methodology rather than the use cases 
and examine our sampled articles, the results of the review Fig. 6   Geographic distribution of AI-SDG research authors
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reveal that SL (65%), followed by UL (18%) and RL (17%) 
was the primary method used.

Focusing on methodology rather than the use cases high-
lights the importance of understanding and refining methods 
themselves within AI-driven sustainability research. This 
emphasis is crucial because different AI methodologies, 
such as SL, UL, and RL, bring unique approaches to prob-
lem-solving. This focus leads to novel insights and potential 
solutions, with specific methodologies showing suitability 
for particular problems, and allows for the improved under-
standing and optimization of AI models.

This distribution differs from the results of Schoormann 
et al. (2023), who classified 88% into the Supervised Learn-
ing category, but completely neglected RL. A more detailed 
overview is given in Fig. 7, which highlights the correlation 
of the ML methods used in the reviewed articles.

Although the primary focus is on environmental and 
climate issues, as indicated by the keywords biased toward 
these topics, our analysis adopts a broader perspective 
by evaluating all four clusters. This inclusive approach is 
reflected in our consideration of all relevant papers that con-
tribute to the SDGs, regardless of their specific focus.

The majority of the articles reviewed (74%) are found in 
Cluster 3 "Environment and Climate Action", followed by 
Cluster 2 "Economic Growth and Infrastructure" (21%), and 

Cluster 1 "Social well-being and Poverty" (5%). We found 
no articles for Cluster 4 "Partnerships and Implementations".

The predominant techniques in their respective AI cat-
egory are ANNs (23%), K-Means Clustering (4%) and Deep 
Reinforcement Learning (DRL) (5%).

To enhance comprehension of the review, the subsequent 
subsections will disaggregate the overall picture into subdo-
mains of Supervised, Unsupervised, and RL. Within each 
subsection, we initially present the distribution of articles 
according to the clusters and methods used. Subsequently, 
several examples are elucidated, and a table consolidates the 
distribution of the articles.

Supervised learning

In Supervised Learning, algorithms are trained using 
labeled data, with guidance provided by an error function 
that the algorithm tries to minimize. The primary distinction 
between neural and non-neural approaches within Super-
vised Learning lies in the utilization of ANN as the founda-
tional model in the former, while the latter encompasses a 
broader spectrum of conventional algorithms, including, but 
not limited to, Decision Trees, SVMs, and Linear Regression 
(LR) Mohri et al. (2018).

Fig. 7   Correlation of Sustainability Clusters to ML Paradigms and Their Respective Methods (Note: "C4: Partnership and Implementation" is 
not included in the results due to the insufficient number of studies available to provide a robust analysis for this cluster)
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Figure 8 offers a filtered perspective, highlighting the spe-
cific algorithms used. A trend towards architectures predi-
cated on neural architectures (e.g., ANNs, Long-Short-Term 
Memory (LSTMs), Ensemble Learning) is observed, while 
traditional ML algorithms such as SVMs and Random For-
ests (RFs) are still present.

Non-Neural We identify that a diverse array of non-
neural approaches have been used to address various sus-
tainability issues. For example, LR, RF, and support vector 
regression have been used to predict electricity and gas con-
sumption in the United States (Kontokosta and Tull 2017). 
Mirroring this methodology, Gradient Boosting has been 
used to estimate energy consumption in commercial build-
ings (Robinson et al. 2017). Several algorithms, including 
LR, RF, and SVM, have been employed to design a sustain-
able concrete mix (Naseri et al. 2020), and to evaluate the 
environmental footprint of returning home (Shinde et al. 
2022). Extreme Gradient Boosting (XGBoost) has been 
implemented in sustainable agriculture (Mohammed et al. 
2023). The scarcely used classification and regression tree 
(CART) algorithm has been applied to determine the feed 
modes of the lines for the components (Zangaro et al. 2021). 
The strengths of these methodologies encompass the inter-
pretability of OLS, the ability of RF to decipher complex 
relationships, and the proficiency of SVM in managing non-
linear data (Kontokosta and Tull 2017).

Neural
ANNs are identified as the primary method used, dem-

onstrating their versatility in various sustainability domains. 
For example, ANN-based models have been used to predict 
global CO2 emissions (Jena et al. 2021), soot emissions 
(Jadidi et al. 2020), and NOx emissions from combustion 
of solid fuels and air in large fluidized circulating bed boil-
ers (Krzywanski et al. 2014; Krzywanski 2022). A General-
ized Mapping Regressor (GMR) Neural Network, a Multi-
Layer Perceptron (MLP), and a General Regression Neural 
Network (GRNN) were used to estimate the power curve 
of a wind farm. The results show that the non-parametric 
approach achieved satisfactory performance (Marvuglia and 
Messineo 2012).

LSTM architectures have been shown to be especially 
effective, outperforming other approaches to predict water 
and energy requirements for sensor-based agriculture 
(Mohammed et  al. 2023). Recurrent Neural Networks 
(RNNs) have been widely used in sustainable agriculture 
(Wongchai et al. 2022).

Fuzzy Neural Networks (FNN) systems are present 
in various use cases (Elavarasan and Vincent Durai Raj 
2021; Ye et al. 2020). Convolutional Neural Networks 
(CNN) Gao et al. (2021) and LSTM models are used to 
improve the prediction of energy consumption for green 
buildings, in order to improve user comfort, safety, 

Fig. 8   Correlation of sustainability clusters to supervised learning with its respective methods
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Table 4   Overview of articles using supervised learning

SDG Cluster Algorithm Paper

C1: Well-being and Poverty ANN Jiang et al. (2017), Somers et al. (2021)
OLS Jiang et al. (2017)
XGBoost Dong et al. (2020)
Others Vishwakarma et al. (2023), Damiani et al. (2021), Podder et al. (2021)

C2: Economic Growth and Infrastructure ANN Gordan et al. (2021), Wong et al. (2010), Gao et al. (2021), Kassem et al. (2021), 
Tümer and Akkuş (2018)

Feng and Zhang (2014), Milačić et al. (2017)
SVM Kontokosta and Tull (2017), Kim et al. (2019), Begli et al. (2019)
OLS Biller (2019), Aljawder and Al-Karaghouli (2022), Kontokosta and Tull (2017)
Random Forest Kontokosta and Tull (2017), Kuenzel et al. (2016), Khalaf (2020)
XGBoost Elavarasan and Vincent (2020)
LSTM Gao et al. (2021), Sharma et al. (2020), Kocaman and Tümen (2020)
Fuzzy Logic Gordan et al. (2021), Li et al. (2020)
Other Nemes et al. (2006), López-Vargas et al. (2020)

C3: Environment and Climate Action ANN Mohd et al. (2022), Naseri et al. (2020), Krzywanski et al. (2014), Tsang and Jim 
(2016), Kamali et al. (2021)

Kaab et al. (2019), Mazzeo et al. (2023), Nabavi-Pelesaraei et al. (2018), Rangel-
Martinez et al. (2021), Ye et al. (2020)

Smith and Wong (2022), Taylan et al. (2021), Nemes et al. (2006), Mohd et al. 
(2022), Manzoor et al. (2021)

Marvuglia and Messineo (2012), Wang and Srinivasan (2017), Aniza et al. (2023), 
Krzywanski (2022), Tsang and Jim (2016)

Renaud et al. (2023), Asha et al. (2022), Su et al. (2023), Rangel-Martinez et al. 
(2021), Ferreiro-Cabello et al. (2018)

Ahmed et al. (2019), Zafar et al. (2022), Darko et al. (2023), Budennyy et al. (2022), 
Kühl et al. (2020)

Astobiza et al. (2021), Wolf et al. (2020), Hinton et al. (2018), Dellosa and Palconit 
(2021), Hinton et al. (2023)

Rojek et al. (2021), Abdella et al. (2020), Sharma et al. (2020), Jena et al. (2021), 
Jadidi et al. (2020)

SVM Fijani et al. (2019), Lakhouit et al. (2023), Zhao and You (2022), Mohammed et al. 
(2023), Darko et al. (2023)

Asrol et al. (2021), Naseri et al. (2020), Huang et al. (2020), Guo et al. (2021)
OLS Kontokosta and Tull (2017), Naseri et al. (2020), Ko et al. (2016), Cadenas et al. 

(2023), Raj and Carvalho (2023)
Dai et al. (2018), Kulejewski and Rosłon (2023), Rampini and Re Cecconi (2022)

Random Forest Abdel-Aty and Haleem (2011), Shinde et al. (2022), Momenitabar et al. (2022), 
Mohammadi et al. (2022), Albaji et al. (2023)

Pham et al. (2020), Hai et al. (2023), Naseri et al. (2020)
ANFIS Yani et al. (2022), Zayed et al. (2021), Krzywanski (2022), Taylan et al. (2021), 

Kaab et al. (2019)
Nabavi-Pelesaraei et al. (2018), Astobiza et al. (2021), Bagheri et al. (2017)

XGBoost Momenitabar et al. (2022), Mohammed et al. (2023), Lăzăroiu et al. (2022), Elavar-
asan and Vincent Durai Raj (2021), Hu and You (2022)

Robinson et al. (2017)
LSTM Riskiawan et al. (2023), Renaud et al. (2023), Mohammed et al. (2023), Xiang et al. 

(2022), Schürholz et al. (2020)
Hu and You (2022), Gao et al. (2021)

Ensemble NN Momenitabar et al. (2022), Wang and Yao (2023), Wang and Srinivasan (2017), 
Wongchai et al. (2022), Fijani et al. (2019)

Fuzzy Logic Smith and Wong (2022), Yani et al. (2022), Zayed et al. (2021), Heo et al. (2021), 
Krzywanski (2022)
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monitoring, and energy efficiency, resulting in a reduced 
energy consumption ratio of 15.7% (Xiang et al. 2022; 
Riskiawan et al. 2023; Gao et al. 2021).

Diverse DL models such as CNN-LSTM, Trans-
former, and Temporal Fusion Transformer (TFT) have 
been examined to monitor urban environmental noise in 
smart cities (Renaud et al. 2023). Transformers exhibit 
the ability to capture long-range dependencies and facili-
tate parallel computation, while TFT amalgamates the 
advantages of Transformers and Temporal Fusion models 
to address temporal dependencies, offer better interpret-
ability, and manage diverse time series features, render-
ing it for smart city applications. Ensemble methods for 
waste management, together with CNNs and other neural-
based methodologies, have been used for tasks such as 
visual pollution classification (Ahmed et al. 2019), fur-
ther exemplifying the adaptability and efficacy of these 
approaches.

The prominence of ANNs aligns with the findings of 
various other studies. Specifically in the realm of envi-
ronmental sustainability, with a focus on clean water 
and wastewater treatment, ANNs emerge as the leading 
AI technique (Aniza et al. 2023; Kamali et al. 2021). In 
research on renewable energy systems, ANNs, Adaptive 
Neuro-Fuzzy Inference Systems (ANFIS), and Genetic 
Algorithms (GA) have been identified as the main meth-
ods for tasks related to energy management, maintenance, 
and control (Zayed et al. 2021; Bagheri et al. 2017; Del-
losa and Palconit 2021). The superior performance of 
ANNs in terms of computational efficiency, accuracy, 
and generalization capacity compared to other methods 
has also been underscored (Dellosa and Palconit 2021). 
Furthermore, in the domain of green buildings, ANN and 
fuzzy logic are the most common techniques, account-
ing for more than 50% of applications (Smith and Wong 
2022).

Unsupervised learning

UL employs algorithms that distinguish patterns and struc-
tures from unlabeled data, functioning without a predefined 
target outcome. This section delves into the usage of UL 
within the sphere of sustainability, showcasing methodolo-
gies from selected articles, and emphasizing their contribu-
tions and findings (Fig. 9).

K-means is acknowledged as the primary technique in 
UL in all sustainability clusters. For example, in the domain 
of sustainable agriculture, K-Means clustering was used to 
classify the size of nanoparticles in aqueous matrices (Bi 
et al. 2014). However, it is worth noting that other meth-
ods such as Bayesian Clustering, Latent Class Analysis, 
K-Means++ and Fuzzy C-Means also play significant roles, 
with their usage being fairly widespread. K-Means++, an 
enhancement of the k-means clustering algorithm, has been 
implemented for environmental monitoring in agriculture. 
This variation aims to refine the preliminary selection of 
cluster centroids through a more intelligent initialization step 
(Dooyum Uyeh et al. 2022).

In addition, there is a substantial emphasis on various 
specialized methodologies tailored to specific use cases. For 
example, a specialized unsupervised method that integrates 
a self-organizing map and Ward clustering has been used for 
investigating carbon footprints of cities in Australia. This 
approach facilitates the identification of lifestyle archetypes 
based on expenditure data and socioeconomic attributes, 
providing insights into household consumption patterns 
compared to the extensively used K-Means clustering, by 
incorporating additional attributes and discerning distinct 
lifestyle archetypes (Froemelt and Wiedmann 2020).

In contrast to findings that identified Linear Discrimi-
nant Analysis (LDA), K-Means, Stacked Autoencoders, 
and Principal Component Analysis (PCA) as the predomi-
nant UL techniques in the sustainability domain, ranked in 

Table 4   (continued)

SDG Cluster Algorithm Paper

Taylan et al. (2021), Bagheri et al. (2017), Tsang and Jim (2016), Kaab et al. (2019), 
Elavarasan and Vincent Durai Raj (2021)

Rezk et al. (2019), Nabavi-Pelesaraei et al. (2018), Ye et al. (2020), Kim (2020), 
Arashpour (2023)

Others Afantitis et al. (2018), Schöning and Richter (2021), Ahmad et al. (2021), Frank 
(2021), Ahmad et al. (2022)

Shi et al. (2022), Tsolakis et al. (2022), Marvuglia and Messineo (2012), Yani et al. 
(2022), Pham et al. (2020)

Miller et al. (2020), Chen et al. (2022), Nishant et al. (2020), Sætra (2021), 
Karthiban and Raj (2020)

Kar et al. (2019), Zangaro et al. (2021)



	 Int J Environ Res (2025) 19:11  Page 18 of 36

descending order of prevalence (Schoormann et al. 2023), 
our review did not find LDA, Autoencoders, or PCA to be 
widespread (Table 5).

Fig. 9   Mapping of sustainability clusters to UL with its respective methods

Table 5   Overview of articles using UL

SDG cluster Algorithm Paper

C1: Well-being and Poverty Others Mani (2022), Vishwakarma et al. (2023), Abu et al. (2020)
C2: Economic Growth and Infrastructure K-Means Tabianan et al. (2022), Facendola et al. (2023), Ran et al. (2021), Chen et al. 

(2019)
Latent Class Analysis Grymshi et al. (2022)
fuzzy c-means Parlina et al. (2021)
Others Liakos et al. (2018), Biller (2019), Qureshi et al. (2020), Pal and Hsieh 

(2021), Choi et al. (2021)
Aziz et al. (2021), Rai and Dwivedi (2020), Li et al. (2020)

C3: Environment and Climate Action K-Means Bi et al. (2014), Ko et al. (2016), Abdella et al. (2020), Zhao and You (2022), 
Tazay (2020)

Self-Organising Map Froemelt and Wiedmann (2020), Wu et al. (2022)
Latent Class Analysis Ko et al. (2016)
Bayesian Clustering Ko et al. (2016), Hossain and Muromachi (2012)
fuzzy c-means Heo et al. (2021)
K-Means++ Dooyum Uyeh et al. (2022), Cadenas et al. (2023)
Others Pedroso et al. (2010), Debrah et al. (2022), Khalaf (2020), Huang et al. 

(2022), Paulvannan Kanmani et al. (2020)
Gace et al. (2021), Donti and Kolter (2021), De Clercq et al. (2018), Feng 

et al. (2018)
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Reinforcement learning

RL is a type of ML in which an agent learns how to behave 
in an environment by performing certain actions and observ-
ing the results. In the context of AI and sustainability, this 
section examines how RL has been used, focusing on key 
papers and their distinctive approaches. The emergence of 
the RL algorithm has been mentioned for sustainable agri-
culture (Liakos et al. 2018), water-related SDGs (Mehmood 
et al. 2020; Viet et al. 2022; Hernández-del-Olmo et al. 
2016), general impact on sustainability (Kar et al. 2022) (it 
is claimed that 45% of the articles focus on RL approaches), 
construction industry (Rampini and Re Cecconi 2022) but 
mainly with a focus on use cases and not the methodology 
used. The sampled studies present different RL methods 
used to tackle sustainability problems, each bringing unique 
benefits compared to traditional ML approaches (Fig. 10).

Our review identifies DRL as the main technique. In 
particular, deep Q-learning, a specific algorithm within the 
DRL framework, emerges as a prominent method used in 
various sustainability domains.

Q-Learning was used to recognize and model distinct 
phases within the life cycle of a system, allowing for adap-
tive decision-making at each phase, particularly in optimiz-
ing resource allocation and system management (Liu et al. 
2022).

Deep Q Network (DQN), on the other hand, extends 
Q-Learning by using Deep Neural Networks to approxi-
mate the Q function. It was used, for example, to design an 
autonomous and data-driven energy management system 
for plug-in hybrid electric vehicles, resulting in energy 
savings of 16.3% compared to conventional strategies (Qi 
et al. 2019). Another study used the same DQN approach 
to optimize the environmental impact of green data centers 
(Zhou et al. 2021).

DRL has been applied to complex nonlinear World-
Earth System models used to analyze the dynamics of 
biophysical, socio-economic, and socio-cultural interac-
tions. This approach aims to identify sustainable pathways, 
particularly in mitigating anthropogenic climate change, 
while respecting both planetary and socio-economic lim-
its. DRL is highlighted as having the potential to inform 
global governance policies for a safe and sustainable future 
(Strnad et al. 2019). Specifically in the area of DRL, Proxi-
mal Policy Optimization (PPO) has been investigated to 
identify sustainable pavement management strategies that 
result in a possible reduction in the expected impact of 
global warming by 16% compared to traditional practices. 
The results underscore the potential of DRL to create envi-
ronmentally sustainable strategies with fewer training iter-
ations, which could result in energy savings (Kazemeini 
and Swei 2023).

Fig. 10   Mapping of sustainability clusters to RL with its respective methods
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A DRL optimization framework (DRLOF) using an 
Advantage Actor-Critic (A2C) agent with two differ-
ent architectures, separate-A2CN and shared-A2CN, has 
been proposed for the electric power sector. This approach 
resulted in a 1.97% increase in power generation and a 1.59% 
reduction in NOx emissions, demonstrating the potential of 
DRL to improve performance while ensuring sustainability 
(Adams et al. 2021). Similarly, Reinforced Extreme Gradi-
ent Boosting, a combination of RL and Gradient Boosting 
methods, has been introduced in agricultural applications, 
applying RL at each node during the Decision Tree con-
struction process to effectively utilize samples and improve 
performance (Elavarasan and Vincent 2020) (Table 6).

Discussion

Table 7 summarizes our key finding, the AI methodologies 
identified, the corresponding SDGs, their applications in 
sustainability, and the reasons for their use.

The methodologies are categorized into SL, UL, and RL. 
SL techniques such as ANNs, LSTMs, CNNs, and SVMs 
are used for tasks such as energy management, emission 
forecasting, and energy consumption prediction due to 
their high accuracy and ability to handle complex data. UL 
methods, including K-Means Clustering and SOMs, are 
effective for pattern recognition and environmental moni-
toring. RL approaches, such as DQN and PPO, are used 
to manage complex systems and improve energy manage-
ment strategies. In addition, Ensemble Learning methods are 
utilized for waste management and pollution classification, 

leveraging multiple models to improve prediction accuracy 
and robustness.

Data from Fig. 1 highlighted the growing trend in aca-
demic publications at the intersection of AI and SDGs. 
Between 2000 and 2014, research on the role of AI in 
sustainability was limited, with annual publication counts 
ranging from 706 to 2,760, reflecting the early develop-
ment of AI technologies and their minimal application in 
sustainability-related fields. From 2015 onward, there was a 
marked increase in research activity, with publication counts 
increasing to 3,580 in 2015. This shift aligns with the adop-
tion of the 2030 Agenda for Sustainable Development and 
the formalization of the 17 SDGs, driving interest in how AI 
could contribute to global goals. Simultaneously, advance-
ments in machine learning, data analytics, and automation 
increased the potential of AI to address challenges such as 
climate change, poverty, and healthcare. The upward trend 
accelerated after 2017, with publications nearly doubling 
from 7,390 in 2017 to 16,100 in 2019. This surge reflects 
the growing recognition of AI as a transformative tool to 
achieve the SDGs, supported by developments in deep learn-
ing, computational power, and data availability. Starting in 
2020, the publication counts exhibited exponential growth, 
reaching 31,600 in 2023. This rapid increase is driven by the 
global urgency to meet the 2030 SDG targets, the influence 
of the COVID-19 pandemic on AI-driven crisis manage-
ment, increased funding and policy support for AI research, 
and the critical role of AI in the fight against climate change.

The uneven geographical distribution of AI-SDG 
research, as shown in Fig. 1, could be explained by sev-
eral key factors. Asia, Europe, and North America lead in 

Table 6   Overview of articles using RL

SDG Cluster Algorithm Paper

C1: Well-being and Poverty Others Damoah et al. (2021)
C2: Economic Growth and Infrastructure DRL Khakurel et al. (2018), Selukar et al. (2022) Strnad et al. (2019)

Deep Q-Learning Scott-Fordsmand and Amorim (2023)
MPC Mani (2022)
DDQN Li et al. (2022)
Others Kuenzel et al. (2016)

C3: Environment and Climate Action DRL Rampini and Re Cecconi (2022), Suanpang et al. (2022), Strnad et al. (2019), 
Sloane and Zakrzewski (2022), Lundberg and Lee (2017)

Oke et al. (2021), Muhammad and Hossain (2021), Popper et al. (2021)
Deep Q-Learning Qi et al. (2019), Pérez-Pons et al. (2021), Walk et al. (2023), Kuutti et al. (2021), 

Zhou et al. (2021)
DRL (PPO) Kazemeini and Swei (2023), Toorajipour et al. (2021)
MPC Li et al. (2021)
MDP Lekan et al. (2022), Raj and Carvalho (2023)
DDQN Kuutti et al. (2021)
Others Kar et al. (2022), Xiang et al. (2021), Hinton et al. (2018), Binas et al. (2019), 

Perera and Kamalaruban (2021)
Liu et al. (2022), Adams et al. (2021), Elavarasan and Vincent (2020)
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AI-SDG publications due to their advanced economic and 
technological infrastructure, which supports high levels of 
research and development. These regions also have access 
to significant funding, cutting-edge AI tools, and strong 
academic-industry partnerships, enabling large-scale col-
laborations and a steady output of research. In contrast, 
regions like Africa, Oceania, and South America contribute 
less to AI-SDG research due to limited financial resources, 
fewer educational opportunities in AI, and restricted access 
to necessary computational infrastructure and datasets. Fur-
thermore, researchers in these regions may prioritize local, 
immediate issues over AI-driven solutions due to practical 
constraints. This disparity highlights the need for increased 
collaboration and support to enhance AI research capabili-
ties in underrepresented regions.

RQ1: What AI methodologies have been 
implemented to address specific SDGs

The review of the literature presented indicates a broad spec-
trum of ML algorithms applied within the realm of AI aimed 
at fostering the SDGs. The methodologies implemented span 
across supervised learning techniques, encompassing LR, 

Random Forest (RF), and SVM, to more complex DL strat-
egies, which include a variety of neural networks such as 
ANNs, LSTM networks, and CNNs. Additionally, the use of 
RL approaches like DQL and PPO, as well as UL algorithms 
such as K-means and SOMs, further illustrates the extensive 
methodological array leveraged in this field.

ANNs, DRL, and K-Means clustering are notably pre-
dominant. ANNs are extensively used for various applica-
tions such as energy management, emission forecasting, and 
pollutant classification, attributed to their shorter compu-
tation time, increased accuracy, and generalization capa-
bilities. DRL methods, exemplified by Deep Q-Network 
and Proximal Policy Optimization, are effective in energy 
management and sustainable pavement strategies, providing 
unique benefits over conventional ML techniques. K-Means 
clustering is a favored choice for pattern recognition due to 
its simplicity and efficacy.

With regard to SL, the diversity of applications in various 
domains, including agriculture, energy management, and 
environmental monitoring, is remarkable, showcasing the 
adaptability of these algorithms. However, an unbalanced 
distribution of algorithms is evident, with certain special-
ized methods being heavily favored for specific domains. 

Table 7   Summary of AI methodologies, their applications, the corresponding SDG, reasons for usage, and corresponding SDGs in sustainability

Category AI methodology Corresponding SDGs Applications in sustainability Reasons for usage

SL ANNs 7, 11, 13 Energy management, emission forecasting, 
pollutant classification

Short computation time, increased accuracy, 
generalization capabilities

SL RNN, LSTM 2, 6, 7 Predicting water and energy requirements, 
sensor-based agriculture

Effective in processing and predicting tem-
poral data with complex sequences with 
long-range dependencies

SL CNNs 7, 11 Energy consumption prediction, urban 
environmental noise monitoring

Effective in handling spatial data and 
enhancing prediction accuracy

SL FNNs, ANFIS 7, 13 Energy management, pollution control Improves precision of predictions by com-
bining fuzzy logic with neural networks

SL SVMs 9, 11 Predicting energy consumption, designing 
sustainable concrete mixes

Effective in handling non-linear data and 
providing accurate predictions

SL RF, XGBoost 2, 7, 12 Sustainable agriculture, predicting electric-
ity and gas consumption, evaluating 
environmental footprints

High performance in prediction tasks due to 
the ability to decipher complex relation-
ships and handle large datasets with differ-
ent types of data

UL K-Means 11, 13, 15 Pattern recognition, environmental monitor-
ing

Simplicity and efficacy in detecting patterns 
and structures in data

UL SOMs 11, 13, 15 Environmental monitoring, pattern detection Effective in clustering and visualizing high-
dimensional data

RL DQN, PPO 7, 9 Design Energy management systems, iden-
tify sustainable pavement strategies

DRL can continuously learn and adapt from 
real-time data interactions, making it par-
ticularly effective in environments where 
conditions change frequently

Other Ensemble 
Learning 
Methods

11, 12, 13 Waste management, pollution classification Combines multiple models to improve pre-
diction accuracy and robustness

Other GA 7, 12 Optimization in sustainable energy and 
resource management

Effective in optimization tasks due to its 
ability to explore a wide solution space
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For example, ANN is frequently used in environmental 
applications, whereas XGBoost dominates in the agricul-
ture and energy sectors. This concentration may reflect 
domain-specific preferences or data requirements, but it 
limits exploration of alternative methods. Furthermore, the 
results indicate that algorithms such as ANN, XGBoost, and 
similar approaches often seem to outperform other meth-
ods such as SVMs in terms of accuracy, efficiency, and 
scalability, as highlighted by several studies (Darko et al. 
2023; Naseri et al. 2020; Smith and Wong 2022; Wang and 
Srinivasan 2017; Ye et al. 2020). However, a more thor-
ough and nuanced analysis should be performed to assess 
the generalizability of these results, ensuring that potential 
biases toward popular algorithms do not overshadow other 
promising approaches.

Our analysis revealed certain discrepancies compared to 
the findings of Schoormann et al. (2023), who identified 
a different distribution of commonly used methods. This 
variation could likely be attributed to the inclusion of RL, 
reviewing more recent articles, and using a broader sample 
of articles in our review.

We align with the observations of Kar et al. (2022), who 
also noted a skewed distribution of ML methods in the sus-
tainability literature, identifying a comparable set of preva-
lent algorithms (ANN, SVM, CNN, etc.). This alignment 
underscores that despite variations in keywords, databases, 
and search parameters, the results of different reviews con-
sistently indicate a trend towards the use of ANNs and, as 
highlighted by Kar et al. (2022).

Among neural architectures, LSTMs, Ensemble Net-
works, and various types of ANN are prominently adopted, 
especially in applications such as the prediction of emis-
sions and power management of renewable energy systems. 
Although its widespread use could attest to its effectiveness, 
deeper investigation may be needed to determine whether 
other architectures may have been underexplored and could 
potentially yield comparable, or even superior, results. In 
this sense, hybrid or two-stage approaches, exemplified by 
the method proposed by Abdella et al. (2020), present inno-
vative and insightful perspectives that need further explora-
tion and consideration.

RQ2: What are the potential future areas of interest 
in the AI domain for advancing the SDGs?

The reviewed studies highlight various ML methods, such 
as ANNs, K-Means clustering, and DRL, being applied in 
the field of sustainability. These technologies suggest oppor-
tunities for further research and application, offering sig-
nificant advances in how we approach environmental and 
sustainability challenges. For example, replacing traditional 
LSTM models with Transformer-based models can enhance 
the processing of complex sequences Brown et al. (2020) 

and maintain precise long-range dependency between out-
puts and inputs Zhou et al. (2021). In addition, transformer 
models are designed to compute more rapidly than tradi-
tional LSTMs by facilitating parallel processing Vaswani 
et al. (2017). As for RL, there seems to be interest in apply-
ing both non-neural RL methods, such as Q-Learning and 
DRL, especially DQN and PPO. Although these studies 
demonstrate the promising applications of RL in sustain-
ability, there are other state-of-the-art RL methods that could 
potentially contribute to this field. These include, but are not 
limited to, other model-based methods such as Soft Actor-
Critic (SAC), which uses off-policy learning and entropy 
regularization to achieve stable and efficient learning (Haar-
noja et al. 2018), and Twin Delayed Deep Deterministic 
Policy Gradient (TD3), which addresses the overestimation 
bias in Q-learning (Woo et al. 2020). These could potentially 
make significant contributions to the sustainability domain 
due to their unique characteristics, especially when deal-
ing with complex systems and scenarios. Therefore, further 
exploration of these approaches in sustainability contexts 
would be desirable. In addition, H-DQN incorporates hier-
archical structures in decision making (Kulkarni et al. 2016), 
which can be advantageous in managing complex persistent 
systems with different levels of granularity. Finally, model-
based RL, which creates a model of the environment for sim-
ulation and learning, can also be an effective approach when 
environmental interactions are expensive or limited and were 
not used in the reviewed literature (Atkeson and Santamaria 
1997). Furthermore, it is essential to acknowledge the emer-
gence of innovative trends in AI. This includes the devel-
opment of generative AI technologies, such as LLMs and 
foundation models. Models such as open-source LLAMA2 
(Touvron et al. 2023) exemplify this advance, possessing the 
ability to generate human-like text and analyze large datasets 
relevant to climate and sustainability (Brown et al. 2020). 
These models have the potential to analyze climate data, 
craft reports, and even propose viable climate interventions, 
potentially contributing to the often overlooked cluster of 
"Partnerships and Implementation". Foundation models, pre-
trained on extensive data and fine-tuned for specific tasks, 
could facilitate the creation of more accurate and efficient 
models for predicting climate trends and analyzing the envi-
ronmental repercussions of different policies. Furthermore, 
recent advances in LLMs highlight the potential of hybrid 
learning approaches, which combine unsupervised, super-
vised, and RL techniques. These integrative approaches are 
relatively novel in the field and offer substantial benefits 
despite their complexity and cost. For example, a study high-
lights that such models can adapt to multiple environments, 
significantly improving their utility in diverse applications 
(Mutti et al. 2021). Furthermore, it was shown that unsu-
pervised pre-training in RL enables agents to quickly adapt 
to various downstream tasks (Zeng et al. 2022), indicating 
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potential benefits for applications in the sustainability sector, 
where adaptability to new and evolving conditions is cru-
cial. Such synergistic models could potentially revolution-
ize applications within the sustainability sector. In the short 
term, the use of LLMs for roles such as educational aids and 
analytical tools shows promise, as evidenced in sectors such 
as medical education (Kung et al. 2023; Gilson et al. 2023). 
In the medium term, AI’s potential to generate innovative 
content for scenario planning and impact assessments could 
be pivotal (Goodfellow et al. 2014).

Besides these developments, the incorporation of 
AutoML into AI-driven decision-making processes can 
further enhance the efficiency and effectiveness of envi-
ronmental and sustainability-focused systems. AutoML, by 
automating key stages of the ML pipeline, including data 
pre-processing, feature selection, and model tuning, signif-
icantly reduces the need for human expertise and enables 
the rapid deployment of optimized models across various 
applications. For example, an AutoML framework was 
implemented to oversee complex energy systems aiming 
to achieve net zero carbon emissions. By automating the 
use of AI models to optimize energy use and grid opera-
tions, this framework proved successful in a multicampus 
microgrid setting, resulting in notable improvements in 
energy efficiency and emission reductions (Moraliyage 
et al. 2023). Likewise, another AutoML-based system was 
capable of diagnosing faults in intricate energy systems. 
This particular framework used 42 input parameters to 
predict failures with an accuracy of 99.23% (Krzywan-
ski et al. 2024). Another research highlights the applica-
tion of AutoML and big data optimization to enhance the 
design and operational strategies of adsorption cooling 
and desalination systems. This study introduced an innova-
tive concept of fluidized bed adsorption to enhance system 
performance, achieving improved cooling capacity and 
desalination efficiency through optimized setups (Krzy-
wanski et al. 2024). In addition, an AI-driven system was 
developed for a 660 MWe supercritical coal power plant, 
integrating environmental conditions and operational 
parameters such as boiler efficiency, turbine heat rate, and 
flue gas temperature into models such as ANN, SVM, and 
AutoML. This framework improved strategic-level per-
formance, achieving a 3.12% point increase in thermal 
efficiency, equivalent to a reduction of 288.2 kilotons of 
annual emissions of CO2, SO2, CH4, N2O and Hg (Ashraf 
et al. 2021). An AI-based framework applied to fluidized 
bed adsorption systems also effectively predicted heat and 
mass transfer processes, enabling the optimization of low-
grade thermal energy conversion. The system used silica 
gel with aluminum and carbon nanotube additives, which 
demonstrated a maximum water vapor uptake of 1.654 g/g 
and a convective heat transfer coefficient of 1212.62 W/
m2 K. These findings underscore the significant potential 

for improving energy efficiency in adsorption cooling and 
desalination applications through AI-driven predictive 
models (Krzywanski et al. 2023).

Furthermore, the future implementation of AI for sus-
tainability must be embedded within a well-developed 
innovation ecosystem to effectively manage and scale 
these technologies to maximize impact. This ecosys-
tem could involve regulatory frameworks, research and 
development (R&D) infrastructures, financial support 
mechanisms, industry-academia collaborations, and active 
stakeholder participation. This ecosystem ensures that AI 
technologies are not only developed, but also deployed in 
ways that align with the SDGs. Regulatory frameworks 
are crucial for providing guidelines and standards that 
ensure that AI applications adhere to ethical principles 
and sustainability goals. This includes addressing data 
privacy, bias in AI algorithms, and the digital divide, as 
highlighted in the domain of personalized e-learning sys-
tems (Tripathi et al. 2024). Robust R&D infrastructures 
facilitate the continuous improvement and adaptation of 
AI technologies. For example, the integration of AI in eco-
system management to model complex ecological interac-
tions and predict changes (Coccia et al. 2023) requires 
ongoing research to refine AI models and simulations. 
Financial support mechanisms, including public funding 
and private investment, drive innovation and ensure the 
scalability of successful AI applications. Optimization of 
renewable energy systems through AI, which improves 
efficiency and reliability (Raman et al. 2024), exempli-
fies the need for substantial financial support to support 
large-scale deployment. Industry-academia collabora-
tions can spur innovative solutions by combining practi-
cal insights with cutting-edge research. The role of AI in 
urban planning, which optimizes land use, transportation 
systems, and infrastructure development (Regona et al. 
2024), benefits significantly from such collaborations to 
address urban challenges effectively. Active stakeholder 
participation, including local communities, policymakers, 
and environmental organizations, is essential to align AI 
solutions with societal needs and values, ensuring broader 
acceptance and effective implementation. This involve-
ment is crucial in areas such as agriculture, where AI-
driven precision farming techniques help optimize yields 
and reduce waste (Coccia 2017). By framing AI’s role in 
sustainability within the problem-driven innovation frame-
work and situating it within a comprehensive innovation 
ecosystem, it becomes clear that AI is not just a tool but a 
transformative force driving targeted solutions to pressing 
environmental challenges. This approach underscores the 
importance of leveraging advanced technologies such as 
AI within a supportive ecosystem to create sustainable and 
resilient systems, aligning technological advances with 
ecological and social well-being.
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Long‑term outlook

Looking further ahead, envisioning LLMs and other AI tech-
nologies in roles such as "Guidance Counselors" and "Crea-
tive Assistants" at both individual and government levels 
could significantly aid in sustainable practices and informed 
decision making.

By 2050, AI’s capacity for predictive modeling and real-
time data analysis will enable governments to anticipate 
environmental shifts and make proactive adjustments to 
policies addressing climate change, biodiversity loss, and 
sustainable agriculture. In addition, AI could help citizens 
and businesses adopt greener practices by offering person-
alized guidance on reducing carbon footprints, optimizing 
energy use, and promoting sustainable consumption. As AI 
becomes more sophisticated, it will play a critical role in 
the integration of the SDGs with long-term climate action 
strategies, accelerating progress toward achieving net zero 
emissions and promoting social equity.

In addition, the growing interactions and applicability 
of AI technologies in fields such as healthcare, agriculture, 
energy, and transportation will significantly influence and 
change human behavior. For example, as AI systems offer 
more efficient solutions and personalized recommendations, 
individuals and organizations will increasingly adopt sus-
tainable behaviors by default, integrating eco-friendly prac-
tices into daily routines. The ability of AI to connect and 
adapt strategies in multiple sectors will promote systemic 
changes in how societies address sustainability challenges, 
leading to greater synergy between different industries 
and a more holistic approach to environmental and social 
governance.

With advances in AI ethics and transparency, future AI 
systems will also incorporate ethical frameworks to ensure 
fairness, accountability, and sustainability in decision-mak-
ing processes. This will be crucial in addressing the potential 
risks of AI, such as environmental costs and data privacy 
concerns. In general, the long-term integration of AI in vari-
ous sectors promises to be a key driver in shaping sustain-
able behaviors and a resilient future by 2050.

Challenges and recommendations

As the exploration of these innovative methods and applica-
tions continues, it will be essential to address ethical consid-
erations, challenges, and risks in AI application. DeepMind 
emphasizes the critical need for comprehensive evaluations 
of AI models, specifically designed to ensure alignment 
with human values and goals. These evaluations should 
also assess the hazardous capabilities of these systems to 
enhance risk management processes and prevent potential 
misuse or accidents (Shevlane et al. 2023). This call for cau-
tion is especially urgent given that existing AI models have 

already shown the ability to produce potentially harmful and 
unintended results, such as biased decision making or hal-
lucination in real-world applications (Ganguli et al. 2022).

Sustainability, with its broad scope and strategic impor-
tance, faces similar challenges, necessitating risk assessment 
for AI models deployed in sustainability enhancement. A 
2022 survey revealed that 36 % of AI researchers and stake-
holders expressed concern about AI systems that could cause 
catastrophic events in this century, comparable to or exceed-
ing a nuclear war (Michael et al. 2022), highlighting the 
social and environmental implications of extreme AI risks. 
AI technologies raise several ethical concerns that must be 
addressed to ensure that they contribute positively to sustain-
ability goals. Ethical considerations include the potential for 
AI to infringe privacy through data misuse, perpetuate biases 
if not properly managed, and influence public policy in ways 
that may not align with public interest. Furthermore, the risk 
of automation bias, where an undue reliance on AI could 
overshadow human judgment, could lead to overlooking crit-
ical insights or alternative solutions (Shevlane et al. 2023). 
Furthermore, the significant resources required to train large 
AI models pose environmental and economic challenges, 
as energy consumption and hardware requirements can be 
substantial, potentially offset by the environmental benefits 
these models aim to achieve (Ganguli et al. 2022).

The referred challenges emphasize the importance of 
Explainable AI (XAI) and AI ethics. XAI refers to meth-
odologies that aim to make AI solutions understandable by 
human experts, while AI ethics aims to ensure that the appli-
cation and impact of AI are in line with ethical norms and 
values. As AI systems are increasingly integrated into soci-
ety, the design and operation of these systems with respect 
to human rights, fairness, transparency, and accountability 
is essential. Sophisticated strategies in XAI and transpar-
ent AI ethics are invaluable, possessing the capability to 
address identified weaknesses and risks (Brasse et al. 2023). 
For example, these strategies could quickly detect manipu-
lation or bias, mitigate legal risks by offering rationales for 
AI-driven decisions, and improve the traceability of results 
to address social concerns. Therefore, various companies, 
including Google [243] and IBM IBM (2023), are advanc-
ing the comprehensibility of their AI systems through XAI 
platforms.

Ethical, educational, and security considerations 
in the application of AI for environmental research

In the context of the increasing application of AI in envi-
ronmental fields, several critical considerations should be 
addressed regarding the general applicability, sustainability, 
and ethical aspects of AI. The questions raised here are perti-
nent not only to the technicalities of AI deployment but also 
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to broader issues of data safety, accessibility, and regulation, 
especially with respect to nonexpert users.

Non‑experts’ readiness for AI implementation 
in environmental fields

One of the main challenges for non-experts, such as workers 
in the environmental sectors, lies in the steep learning curve 
associated with the implementation and use of AI technolo-
gies. AI, especially in terms of large-scale data analysis, 
requires technical knowledge of algorithms, ML models, and 
data science principles. Although there is growing interest 
in the use of AI to improve decision making and optimize 
workflows, the ability of these workers to implement, store, 
and manage AI-driven metadata, software, and databases 
remains limited.

To bridge this gap, automation tools such as AutoML 
and LLMs have emerged as solutions, as they significantly 
lower the technical requirements for AI implementation. 
AutoML automates the process of selecting, tuning, and 
deploying machine learning models, enabling non-experts 
to leverage AI without extensive knowledge of the under-
lying algorithms. Similarly, LLMs simplify complex data 
analysis and decision-making tasks through natural language 
processing, allowing workers to interact with AI systems in 
a more intuitive manner.

Furthermore, it is essential that educational institutions 
adjust environmental courses by incorporating data science 
and AI subjects. These courses do not need to be highly 
technical but should focus on teaching the fundamental con-
cepts of AI and data science. The primary goal is to ensure 
that future workers understand the underlying principles well 
enough to evaluate and interpret the outputs of automation 
tools such as AutoML and LLMs. This foundational knowl-
edge will allow workers to make informed decisions when 
using AI-driven technologies, ensuring that they can benefit 
from these tools while maintaining data integrity and ethical 
standards.

AI‑processed data security in the Era of quantum 
computing

Currently, modern classical informatics technologies provide 
a relatively secure environment for storing and processing 
AI-generated metadata. However, the emergence of quantum 
computing represents a potential threat to existing encryp-
tion standards. AI-supported decryption algorithms powered 
by quantum computing could, in theory, crack encryption 
that is considered safe today.

Data scientists and cybersecurity experts are aware of the 
potential risks quantum computing poses, especially with 
regard to the decryption of sensitive environmental or bio-
medical data. There is growing concern that once quantum 

computers become mainstream, encryption methods such 
as RSA (Rivest–Shamir–Adleman), which is based on the 
difficulty of factoring large numbers, and ECC (Elliptic 
Curve Cryptography), which provides efficient encryption 
with shorter key lengths, could be rendered obsolete. This 
raises the urgent need to develop quantum-safe encryption 
technologies to protect AI-processed data from unauthor-
ized access by malicious actors in the future. Governments, 
research institutions, and private organizations must collabo-
rate in the development and implementation of post-quantum 
cryptographic techniques to ensure data remain secure in the 
coming era of quantum computing.

Ethical considerations and data privacy in the context 
of FAIR and GDPR

The FAIR (Findable, Accessible, Interoperable, Reusable) 
principles promote transparency and accessibility in data 
sharing, especially in scientific research. However, the 
implementation of FAIR protocols introduces ethical con-
cerns related to data ownership, privacy, and governance. 
Although open source databases facilitate global collabo-
ration, the identity and accountability of data administra-
tors or owners can become problematic. Open data presents 
challenges in protecting personal or sensitive information, 
particularly when stored in privately owned cloud systems.

The General Data Protection Regulation (GDPR) of the 
EU sets high standards for the protection of personal data, 
and the recently proposed EU AI Act further underscores 
the need for strict regulation of AI-driven data processing. 
These regulations require that data be handled responsibly, 
with strict privacy protocols in place. One of the key chal-
lenges lies in extending similar protections outside Europe, 
especially in countries where regulations around personal 
data and AI use are less stringent.

There is a need for international frameworks or agree-
ments to ensure uniformity in data protection laws. Cloud 
storage services provided by private companies, such as 
Amazon Web Services or Google Cloud, play a pivotal 
role in hosting large datasets, but the question of regulatory 
oversight remains critical. Governments around the world 
may need to regulate the use of personal and research data 
in clouds more effectively to ensure data integrity is main-
tained. In this context, globally recognized ethical stand-
ards for AI usage, similar to the GDPR, would be beneficial, 
especially in fields such as environmental research, where 
data could have public health implications.

The future of AI and data regulation

Looking ahead, the regulation of AI and data safety is 
expected to become more stringent, especially outside 
Europe. Countries around the world are likely to introduce 



	 Int J Environ Res (2025) 19:11  Page 26 of 36

their own versions of AI regulations, following the prec-
edent set by the European Commission. These regulations 
would focus not only on privacy and data security, but also 
on ethical AI development, ensuring that AI technologies do 
not lead to bias or harm, particularly in fields as sensitive as 
environmental and biomedical research.

Governments must work collaboratively to create a uni-
fied global framework for AI governance, one that balances 
openness, innovation, and ethical responsibility. In regions 
with weaker regulatory structures, pressure from global 
organizations and international standards bodies can drive 
stronger protections for data privacy and security.

Limitations and future work

This work is not without limitations. One primary constraint 
is the literature review process. Due to the vast amount of 
literature available, many filters were applied to condense 
the material to a manageable size. This may have led to the 
exclusion of some relevant studies that may have overlooked 
certain aspects or innovations in the field.

It is important to note that the selection of keywords, 
while comprehensive, inherently introduces a bias towards 
certain topics and methodologies within the field of AI and 
sustainability. The focus on specific terms may limit the 
breadth of research captured, potentially excluding stud-
ies that utilize different terminologies or explore less con-
ventional intersections of AI and sustainable development. 
This bias represents a significant limitation of the study, as 
it could affect the generalizability and applicability of the 
findings across the entire spectrum of sustainability research. 
Acknowledging this limitation is crucial for interpreting the 
results within the appropriate context and for guiding future 
research to explore beyond the boundaries set by the initial 
keyword selection.

An additional limitation of this review is the reliance on 
the SJR threshold of 1 during the selection phase to ensure 
the inclusion of journals with a standard level of scientific 
influence. Although this approach was intended to maintain 
academic rigor, it may have inadvertently excluded newer 
emerging journals that are impactful in terms of citations but 
have not yet reached a high SJR score. Future studies should 
use tools such as AMSTAR, BIBOT, CASP, and other sys-
tematic review quality assessment tools, which would have 
provided a more balanced assessment of journal quality.

Another limitation is the fast-paced development in AI. 
The field of AI evolves rapidly, and new breakthroughs or 
methodologies could emerge shortly after the publication 
of this work. As such, some of the discussions and conclu-
sions might become outdated or less relevant in light of new 
developments.

Furthermore, reporting on the effectiveness of different 
ML methods in addressing sustainability problems should 
be encouraged. To address these shortcomings, we strongly 
recommend incorporating a systematic effectiveness analysis 
in future research. Such an analysis could involve:

•	 Comparative Studies: Implement controlled experi-
ments or comparative studies that measure the perfor-
mance of popular methods against underexplored ones. 
This could reveal untapped potential in less conventional 
AI architectures that might be better suited for specific 
SDGs.

•	 Impact Metrics: Develop and apply clear and relevant 
metrics to quantify the impact of different AI methods on 
sustainability targets. This goes beyond the simple accu-
racy or loss metrics commonly used in ML and should be 
directly related to environmental, social, and economic 
benefits.

•	 Longitudinal Studies: Conduct longitudinal studies 
to assess the sustainability of AI implementations over 
time. Sustainability challenges often require long-term 
solutions, and the effectiveness of AI applications should 
be evaluated on the basis of their durability and adapt-
ability to changing conditions.

•	 Contextual Analysis: Include contextual analysis to 
understand the environments in which AI methods are 
implemented. The effectiveness of AI technologies can 
vary significantly based on local socioeconomic, cultural, 
and environmental factors.

•	 Stakeholder Feedback: Engage with stakeholders, 
including local communities, policymakers, and indus-
try experts, to gather feedback on the practical impacts of 
AI technologies. This real-world insight can help refine 
effectiveness analyses and ensure that they are grounded 
in actual user experiences and needs.

This analysis is beneficial for several reasons: It verifies 
the effectiveness of AI methods beyond their popularity or 
theoretical capabilities, identifies best practices for specific 
sustainability challenges, and ensures optimal resource 
allocation.

In conclusion, while this work provides valuable insight 
and a solid foundation for understanding the role of AI in 
sustainability, it should be viewed as a snapshot in time, with 
the recognition that the field is continuously evolving. Stake-
holders should be informed about the latest advancements 
in AI to fully capitalize on its potential for sustainability.

Conclusion

This work has implications for a variety of stakeholders, 
from researchers and policy makers to industry leaders.
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The deployment of AI is essential to address the multifac-
eted challenges of sustainable development. AI was shown 
to improve the ability to optimize resource use and improve 
energy efficiency in various use cases, which contributes to 
the achievement of the SDGs. However, the utilization of AI 
is not without challenges; it requires rigorous consideration 
of ethical implications and potential risks. For example, the 
considerable energy demands of training extensive AI mod-
els and the inherent biases within AI algorithms necessitate 
a careful and responsible approach to AI implementation to 
ensure it does not exacerbate existing social and environ-
mental issues. The key challenges from our perspective are 
summarized in Table 8.

AI researchers are encouraged to continuously explore 
innovative applications of AI across various sustainability 
domains, thus broadening the scope of the impact of AI. 
The interdisciplinary collaboration between AI experts and 
sustainability professionals is vital to ensure that AI solu-
tions are effectively aligned with real-world sustainability 
challenges and are developed considering diverse perspec-
tives, particularly those of communities most affected by 
these challenges. Furthermore, there is a pressing need for 
AI researchers to prioritize the development of ethical AI by 
focusing on creating energy efficient algorithms, improving 
transparency, and ensuring fairness in automated decisions. 
Furthermore, given the rapid evolution of AI technologies, 
researchers must remain agile and receptive to new knowl-
edge and methodologies, ensuring that their work is current 
and relevant. This dual focus on innovation and responsibil-
ity is essential for harnessing AI’s potential to foster sustain-
able development while mitigating its risks.

For researchers, the insights and methodologies presented 
offer a foundation for further exploration of the applications 
of AI in sustainability. This can inspire new research direc-
tions and foster interdisciplinary collaborations. Moreover, 
engaging with AI can help sustainability researchers address 
complex problems that require the analysis of large data-
sets, or where traditional analytical methods fall short. The 
predictive power of AI can be harnessed to foresee environ-
mental trends and their socio-economic impacts, facilitating 
proactive rather than reactive strategies. This integration also 
calls for an ethical approach to research, where sustainability 
researchers must consider the implications of data privacy, 
the fairness of AI algorithms, and the overall transparency 

of AI-driven decisions. Collaborations with AI ethicists and 
social scientists could help address these aspects, ensuring 
that AI solutions are developed and deployed responsibly 
and inclusively. Lastly, this new paradigm highlights the 
necessity for capacity building in AI skills among sustain-
ability researchers to enable them to use advanced AI tools 
effectively. Training programs and workshops, interdisci-
plinary research groups, and collaborative projects can be 
instrumental in building these capacities, thus ensuring that 
the sustainability research community is well equipped to 
use AI in their work effectively. This approach not only 
enriches the research landscape, but also ensures that tech-
nological advancements are leveraged towards achieving a 
sustainable future.

Policymakers, especially within the EU, can derive ben-
efits from our study. By understanding the potential appli-
cations of AI in sustainability, policymakers can identify 
strategic areas for research funding and policy development 
that align with the objectives of the EU Green Deal and the 
SDGs. The application of AI has been shown to improve 
efficiency and precision in resource management and energy 
use, policymakers can devise strategies that align well with 
the goals of the EU Green Deal and the SDGs. For exam-
ple, AI’s ability to optimize energy grids or predict energy 
demand can facilitate the transition to renewable energy 
sources, a key objective of the Green Deal.

The recommendations for different stakeholders are sum-
marized in Table 9.

Furthermore, while our focus has been largely on energy, 
the implications of AI in agriculture and water management 
also suggest pathways for policy strategies. AI technologies 
can aid in the development of precision agriculture prac-
tices that minimize waste and maximize productivity, or in 
water management systems that predict and mitigate risks 
related to water scarcity and quality. The industry sector can 
also benefit. Businesses can take advantage of these insights 
to adopt more sustainable practices, integrate AI into their 
operations to improve efficiency, and innovate in product 
development. This not only aids in meeting sustainability 
goals, but also opens up new market opportunities and com-
petitive advantages in an increasingly eco-conscious global 
marketplace.

We hope that our findings will assist researchers, poli-
cymakers, and practitioners in obtaining a comprehensive 

Table 8   Key AI challenges

Challenge Description

Ethical concerns The impact of AI on privacy, bias, and public policy requires careful ethical consideration
Automation bias There is a risk that overreliance on AI could lead to the neglect of valuable human insights
Resource intensity The environmental cost of training extensive AI models involves substantial energy and 

computational resources
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overview and deeper comprehension of the application of 
AI to advance the SDGs and stimulate future research in 
this field.
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