International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2025: 7.089

Green Al: Strategies for Mitigating Carbon
Footprints in Machine Learning Systems

Mayur S. Gawali', Amit K. Mogal’

"Department of Computer Science & Application, MVP Samaj’s CMCS College, Nashik, Maharashtra, India
Email: mayurgawali372[at]gmail.com

'Department of Computer Science & Application, MVP Samaj’s CMCS College, Nashik, Maharashtra, India
Email: amit.mogallat]gmail.com

Abstract: The rapid growth of artificial intelligence (AI) and machine learning (ML) has raised critical concerns about their
environmental impact, as training and deploying large-scale models demand vast computational resources and produce significant carbon
emissions. Early research (2020-2022) diagnosed these challenges by quantifying AI’s carbon footprint, exposing the lack of transparency
in energy reporting, and proposing initial efficiency measures. More recent studies (2023-2025) have advanced mitigation strategies,
including algorithmic innovations such as pruning and transfer learning, renewable-powered infrastructures, and lifecycle-aware
deployment practices, while also embedding Green Al principles into sectors such as energy, healthcare, logistics, and corporate
governance. Despite this progress, efforts remain fragmented, with persistent trade-offs between performance and sustainability, limited
standardization, and uneven institutional adoption. This paper synthesizes developments across the last five years to provide a
comprehensive understanding of Green Al It identifies the main sources of AI’s carbon footprint, evaluates mitigation strategies, and
highlights sectoral applications, while critically examining the challenges and trade-offs that persist. Finally, it proposes a roadmap for
embedding sustainability across the Al lifecycle—spanning algorithm design, infrastructure optimization, lifecycle management, and
policy alignment. By reframing Al success metrics to balance performance with environmental responsibility, this study positions Green
AI not only as a technical adjustment but as a foundational principle for sustainable digital transformation.
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1. Introduction The call for sustainable Al practices has led to a new wave of
research advocating for energy efficiency and low-carbon
Artificial intelligence (Al), particularly machine learning innovation. For instance, Nasar and Al-Batahari (2025)
(ML) and deep learning (DL), has witnessed exponential propose a green computing framework that quantifies the
growth in recent years, driving advancements across carbon costs of Al models and develops strategies for
industries ranging from healthcare to finance and energy mitigation. Similarly, Masciari and Napolitano (2025)
systems. This rapid progress, however, has come at a highlight hybrid estimation techniques, such as Green
significant environmental cost. Training state-of-the-art ML~ Algorithms, to more accurately measure the environmental
models, especially large-scale deep neural networks and impact of Al workloads. These studies underline a growing
foundation models, requires massive computational power consensus: for Al to serve society responsibly, its
and energy resources, leading to substantial carbon ~ development must align with global climate goals and
emissions (Zhang et al., 2025). As Al applications sustainability commitments.
continue to scale, the environmental footprint of these
systems has become a critical concern, prompting the Several strategies have emerged to address the carbon
emergence of “Green Al,” an approach that emphasizes footprint challenge in AI. These include algorithmic
efficiency, sustainability, and responsible development innovations that reduce computational complexity, dataset
(Alshamrani, 2025). curation methods that minimize redundant training, and

hardware improvements that lower energy consumption
The carbon footprint of ML arises primarily from the energy- (Alshamrani, 2025). Beyond the laboratory, Al-driven

intensive processes of model training, inference, and optimization of industrial processes and energy systems can
deployment. A single large natural language processing contribute to decarbonization at scale. For example, Kumar,
(NLP) model can emit as much carbon dioxide as several cars Shekhar, and Tewary (2025) show how machine learning
over their entire lifetimes (Schodl et al., 2025). This improves climate data management, reducing inefficiencies
environmental burden is exacerbated by the increasing  in industrial emissions monitoring. Meanwhile, Pal (2025)
demand for foundation models, such as large language demonstrates the role of Al in supporting resilient and green
models (LLMs), that require billions of parameters and energy infrastructure, highlighting how technological
extensive training datasets. While AI researchers have innovation can support broader decarbonization agendas.
historically focused on performance improvements measured

by accuracy or predictive power, the sustainability dimension At the same time, the field of Green Al is not without its
of Al has often been overlooked (Li et al., 2025). Addressing challenges. One major issue is the lack of standardized
this imbalance requires strategies that integrate ecological reporting mechanisms for carbon emissions associated with
responsibility into the core design and operationalization of Al training and inference (Borraccia et al., 2025). Without
machine learning systems. transparent accounting, it becomes difficult to compare

models and establish benchmarks for sustainable practices.
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Another barrier is the performance trade-off: researchers are
often reluctant to adopt low-carbon strategies if they perceive
them as compromising accuracy or speed (Zhang et al.,
2025). Overcoming this tension requires rethinking
evaluation metrics in Al research to balance accuracy with
environmental efficiency, as proposed by Schodl et al.
(2025), who advocate for experimental design frameworks
that consider energy usage alongside predictive power.

The urgency of adopting Green Al practices is underscored
by the broader context of global climate change. With Al
increasingly embedded in critical infrastructures, such as
smart grids, transportation, and healthcare systems, its
environmental costs are no longer an abstract concern but a
pressing policy issue (Saini et al., 2025). Integrating
environmental, social, and governance (ESG) principles
into Al deployment offers a pathway to sustainable
digital transformation (Soomro et al., 2026). Moreover,
sector-specific applications, such as resource optimization in
data centers (RV, 2025) and efficient fine-tuning of LLMs
(Alshamrani, 2025), demonstrate that Green Al is both
technically feasible and economically beneficial.

Despite significant progress, critical research gaps remain.
While current studies provide frameworks and metrics for
carbon accounting, few offer holistic strategies that integrate
algorithmic design, hardware efficiency, and lifecycle
analysis of Al systems (Bhagat et al., 2025). Similarly, while
policy literature emphasizes Al’s potential role in sustainable
development, there is a lack of interdisciplinary work
bridging technical research with regulatory frameworks. This
fragmentation limits the ability of stakeholders to develop
comprehensive approaches to Al sustainability.

This paper addresses these gaps by presenting a systematic
study of strategies for mitigating the carbon footprints of
machine learning systems. It synthesizes recent advances in
sustainable Al design, evaluates emerging methodologies for
carbon tracking, and explores innovative practices that align
Al with broader climate objectives. Specifically, this study
seeks to: (1) critically assess the state of the art in Green Al
(2) highlight effective strategies for reducing carbon
emissions across the ML lifecycle; and (3) identify
opportunities for future research and policy interventions. In
doing so, the paper contributes to the growing discourse on
sustainable Al by offering a roadmap for integrating
environmental responsibility into the heart of machine
learning innovation.

2. Research Framework
2.1 Research Questions

The environmental implications of artificial intelligence (AI)
and machine learning (ML) have become a growing concern,
as training and deploying large-scale models demand vast
computational resources and generate significant carbon
emissions. While early research (2020-2022) highlighted the
scale of this problem and proposed preliminary solutions,
more recent studies (2023—2025) have broadened the scope
by embedding Green Al principles into sectoral applications
and governance frameworks. Building on this evolution, the
present study addresses the following research questions:

RQ 1: How has research from 2020 to 2025 evolved in
identifying and measuring the carbon footprint of machine
learning systems across their lifecycle?

RQ 2: Which mitigation strategies—spanning algorithms,
infrastructures, and lifecycle practices—have proven
effective, and how have these approaches advanced over
time?

RQ 3: In what ways are Green Al principles being applied
across sectors such as energy, healthcare, logistics, and
governance, and what gaps remain in embedding them within
global sustainability frameworks?

These questions are designed to capture both the diagnosis of
AT’s carbon footprint and the progression of solutions, while
also probing the degree to which Green AI has been
mainstreamed into broader socio-technical systems.

2.2 Research Objectives

Aligned with the above questions, this study pursues four

interrelated objectives:

1) To identify and critically analyze the evolution of
research on carbon emissions across the ML lifecycle,
paying particular attention to emerging methods for
systematic measurement and transparent reporting.

2) To examine and compare mitigation strategies at the
algorithmic, infrastructural, and lifecycle levels,
highlighting their effectiveness and tracing how these
approaches have advanced between early and recent
scholarship.

3) To explore sector-specific applications of Green Al in
energy, healthcare, logistics, and governance, while
identifying gaps in cross-sectoral integration and
scalability.

4) To synthesize these insights into a comprehensive
roadmap for embedding sustainability across the Al
lifecycle, bridging technical innovation, infrastructure
optimization, lifecycle management, and policy
alignment.

By pursuing these objectives, the study contributes both a
conceptual synthesis of the field’s development and a
practical framework for advancing Green Al as a cornerstone
of sustainable digital transformation.

2.3 Research Methodology

This study adopts a systematic literature review and
integrative synthesis approach, drawing on peer-reviewed
scholarship and authoritative reports published between 2020
and 2025. Sources were collected from leading databases-
including IEEE Xplore, ScienceDirect, SpringerLink, and
Frontiers- as well as preprints from arXiv and selected
industry white papers. Keyword-based searches were
conducted using terms such as “Green Al “sustainable
machine learning,” “carbon footprint Al,” “energy-efficient
algorithms,” and “Al sustainability.”

Inclusion criteria prioritized works that demonstrated
methodological rigor, direct relevance to Al sustainability,
and contributions to carbon accounting, mitigation strategies,
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or sectoral applications. Exclusion criteria eliminated papers
that were purely speculative, lacked empirical grounding, or
addressed Al ethics without a sustainability component.

The selected studies were organized thematically into four

categories:

1) Conceptual frameworks and definitions of Green Al

2) Strategies for mitigation, including algorithmic,
infrastructural, and lifecycle-oriented approaches.

3) Sectoral applications, spanning energy, healthcare,
logistics, and ESG-driven governance.

4) Challenges and future  directions, including
performance—sustainability trade-offs, reporting gaps,
and institutional barriers.

A comparative analysis was then conducted to trace the
evolution of the field, distinguishing early research (2020—
2022), which focused on diagnosing problems and proposing
initial solutions, from more recent studies (2023-2025),
which emphasized applied strategies, policy integration, and
cross-sectoral deployment. This evolutionary lens allows the
study not only to catalog existing contributions but also to
highlight convergences, divergences, and persistent gaps.

Finally, the findings were synthesized into a conceptual
roadmap that integrates insights from across the literature.
This roadmap serves both as a summary of current best
practices and as a guide for embedding sustainability into the
design, deployment, and governance of Al systems.

3. Literature Review

3.1. Background and Conceptual Framework

3.1.1 Defining Green Al

The concept of Green AI emerged as scholars began
questioning the sustainability of performance-driven
artificial intelligence. Schwartz et al. (2020) introduced the
distinction between Red Al, which prioritizes accuracy at any
computational cost, and Green Al, which emphasizes
efficiency, transparency, and ecological responsibility. Wu,
Raghavendra, and Gupta (2022) expanded this critique by
documenting the environmental implications of large- scale
Al models, noting the exponential rise in training costs and
energy demands. Pedrycz (2022) framed Green Al as an
extension of responsible Al, calling for ecological awareness
to be embedded in research agendas.

Building on these foundations, recent studies have reframed
Green Al as a holistic framework rather than a niche concern.
Alonso-Betanzos (2025) emphasized rethinking efficiency as
a core design principle in ML architectures, while Vrana and
Mondal (2025) positioned Green Al as central to global
climate mitigation strategies. Similarly, Nasar and Al-
Batahari (2025) proposed a comprehensive sustainability
framework for Al, integrating efficiency with accountability
and policy alignment. Together, this progression illustrates a
shift from conceptual awareness in early works to integrated
frameworks in contemporary research.

3.1.2 Sources of Carbon Footprint in AI/ML
Early studies focused on identifying the most carbon-
intensive stages of the machine learning lifecycle. Strubell,

Ganesh, and McCallum (2020) showed that training a single
NLP model could emit carbon equivalent to multiple
lifetimes of an average car. Pimentel et al. (2021) highlighted
the contribution of cloud data centers, many of which still
depend on fossil fuels. Wu et al. (2022) further emphasized
lifecycle assessments, showing that emissions extend beyond
training to deployment and infrastructure.

Recent work has expanded these insights into sector-specific
contexts. Schodl, Lesota, and Tommasel (2025) quantified
emissions from recommender systems, while Patel, Dua, and
David (2025) explored cloud workload optimization for
sustainability. Ibeama et al. (2025) linked Green Al practices
to corporate sustainability in digital advertising, broadening
the conversation from isolated models to industry-wide
systems. This shift marks a transition from training-centered
analysis to lifecycle and application-specific assessments.

3.1.3 Measuring AI’s Environmental Impact

Efforts to measure Al’s carbon footprint began with the Green
Algorithms framework (Lacoste et al., 2019), which
standardized energy and emissions reporting. Henderson
et al. (2020) criticized the lack of transparency in ML
publications, calling for mandatory compute and energy
disclosures. Wu et al. (2022) argued for lifecycle-based
evaluations to capture emissions from training, inference, and
hardware disposal.

Recent advances move beyond reporting toward policy
integration. Borraccia, Masciari, and Napolitano (2025)
developed hybrid estimation techniques to improve accuracy
in carbon accounting, while Islam, Badhan, and Islam (2025)
proposed embedding Al-based carbon metrics within
national carbon pricing systems. These innovations
demonstrate a shift from reporting frameworks to
institutionalized accounting mechanisms that align with
climate policies.

3.2 Strategies for Mitigating Carbon Footprints

3.2.1 Algorithmic Innovations

Early mitigation strategies emphasized algorithmic
efficiency. Dodge et al. (2020) demonstrated the benefits of
training optimization methods such as early stopping, while
Bommasani et al. (2021) showed how transfer learning
reduces redundant computation. Patterson et al. (2021)
highlighted the role of algorithm—hardware co-design in
improving efficiency.

Recent studies expand these techniques into applied contexts.
Stephen, Udo, and Asuquo (2025) applied Green Al
strategies in healthcare models, while Raghuvanshi et al.
(2025) explored Al-driven policies for hydrogen energy
transitions. Alshamrani (2025) introduced linguistically-
informed dataset curation to make large language model fine-
tuning more efficient. These works signal a move from
generic  efficiency improvements to domain-specific
algorithmic applications.

3.2.2 Dataset Curation and Training Optimization

Strubell et al. (2020) advocated for dataset curation to avoid
brute-force scaling, while Dodge et al. (2020) emphasized
optimization of training order and hyperparameters.

Volume 15 Issue 3, March 2026
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal

WwWww.ijsr.net

Paper ID: SC26211100444

DOI: https://dx.doi.org/10.21275/SC26211100444 263


http://www.ijsr.net/

International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2025: 7.089

Bommasani et al. (2021) demonstrated the potential of few-
shot learning in reducing training costs.

More recent work strengthens this direction. Alshamrani
(2025) demonstrated that curated, high-quality datasets
reduce carbon costs in LLM training. Nasar and Al-Batahari
(2025) introduced frameworks that embed carbon-awareness
into training pipelines. These contributions advance dataset
optimization from academic proposals to practical
implementation frameworks.

3.2.3 Hardware and Infrastructure Efficiency

During 20202022, hardware efficiency was highlighted by
Patterson et al. (2021) and Jouppi et al. (2021), who
demonstrated that specialized TPUs achieved significant
energy savings compared to GPUs. Data center innovations
such as renewable energy integration were also explored
(Pimentel et al., 2021).

By 2023-2025, the focus shifted to systemic infrastructure
sustainability. Ahmed et al. (2025) surveyed neuromorphic
computing as a low-energy alternative, and Tripathi,
Rambabu, and Krishna (2025) studied Al-optimized green
data centers with dynamic cooling strategies. The emphasis
thus evolved from chip-level efficiency to renewable-
powered infrastructures.

3.2.4 Lifecycle and Deployment Practices

Henderson et al. (2020) emphasized deployment trade-offs,
noting differences in emissions between edge and cloud
inference. Strubell et al. (2020) advocated for reusing
pretrained models as a way to avoid unnecessary retraining.

Contemporary studies have expanded lifecycle thinking.
Alonso-Betanzos  (2025) argued for lifecycle-based
sustainability assessments, and Oyenuga et al. (2025)
integrated Al into global decarbonization strategies, showing
that lifecycle considerations must include policy and
institutional contexts. This evolution highlights a shift from
reuse and deployment trade-offs to holistic lifecycle
frameworks.

3.3 Sector-Specific Applications of Green Al

3.3.1 Alin Energy Systems

Early research explored AI’s role in optimizing energy
efficiency and renewable integration. For instance, Pimentel
etal. (2021) examined the role of cloud data centers in energy
transitions, highlighting both their carbon intensity and
potential for sustainability when powered by renewables. Wu
et al. (2022) stressed that lifecycle assessments should
include energy infrastructure when evaluating Al’s
environmental footprint.

Recent studies expand these insights into practical
deployments. Pal (2025) demonstrated Al- driven smart grids
that support renewable integration and resilience in energy
infrastructure, while Raghuvanshi et al. (2025) highlighted
Al-enabled policies for advancing hydrogen energy
transitions. Tripathi, Rambabu, and Krishna (2025) further
showed how Al-optimized cooling strategies in data centers
reduce energy demand. The shift is clear: from diagnosing
Al’s role in energy systems to using Al as a tool for

decarbonization.

3.3.2 Climate and Environmental Monitoring

Between 2020 and 2022, researchers began applying Al to
environmental data analytics. Strubell et al. (2020) and
Henderson et al. (2020) called for carbon tracking and
transparency in Al publications, while Dodge et al. (2020)
demonstrated how optimized ML training could reduce
unnecessary emissions from climate modeling tasks.

By 2023-2025, applications became more policy-oriented and
integrated. Kumar, Shekhar, and Tewary (2025) used Al for
climate data management, improving industrial emissions
monitoring, while Islam, Badhan, and Islam (2025)
integrated Al into carbon pricing systems. Ibeama et al.
(2025) connected Green AI with corporate sustainability
practices in digital advertising, underscoring that Al-based
environmental monitoring is now extending to corporate
governance and reporting.

3.3.3 Healthcare and Public Health

Early applications of Green Al in healthcare focused
primarily on efficiency in computational medicine. Dodge et
al. (2020) showed how early stopping methods could reduce
training costs for predictive models without sacrificing
accuracy.

More recent  works  highlight  domain-specific
implementations. Stephen, Udo, and Asuquo (2025)
demonstrated energy-efficient obesity prediction models that
reduce emissions while maintaining accuracy. Karamagi,
Okuonzi, and Mwanje (2025) examined Al-driven systems
for equitable global health delivery, emphasizing the
sustainability dimension of healthcare infrastructures. This
shift reflects movement from general model efficiency to
applied, sustainability-driven healthcare solutions.

3.3.4 Business, Governance, and ESG Integration
Between 2020 and 2022, sustainability in Al governance was
largely discussed in terms of what should be done. Henderson
et al. (2020) called for mandatory carbon reporting, and
Schwartz et al. (2020) proposed efficiency as a new metric of
Al progress.

By 2023-2025, Green Al became more embedded in
corporate governance frameworks. Soomro, Rafi, and Abbasi
(2026) illustrated how ESG frameworks integrate Green Al
into sustainable business strategies. Patel, Dua, and David
(2025) proposed sustainable cloud workload optimization for
enterprise adoption, while Ibeama et al. (2025) showed how
adopting Green Al in digital advertising aligns with corporate
carbon reduction targets. Here, the discourse shifted from
advocacy for sustainable governance to operationalization
within ESG systems.

3.3.5 Logistics and Supply Chains

Applications in logistics and supply chains were limited
before 2022, focusing mostly on Al for route optimization
without explicit sustainability framing.

In contrast, more recent studies embed Green Al directly into
decarbonization strategies. Ifiss (2026) demonstrated that Al-
enhanced logistics reduced emissions in Moroccan transport
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organizations, while Oyenuga et al. (2025) emphasized Al’s
role in global supply chain decarbonization through smart
technologies such as blockchain and ML-driven
optimization. This reflects a progression from efficiency-
focused logistics to Al as a key enabler of low- carbon supply
chains.

4. Challenges and Trade-Offs
4.1 Performance versus Sustainability

Early works highlighted the tension between accuracy and
energy efficiency. Strubell, Ganesh, and McCallum (2020)
demonstrated that achieving marginal performance
improvements in NLP required disproportionately larger
computational resources. Schwartz et al. (2020) warned
against an Al culture driven by benchmark races, which
incentivized scaling at the expense of sustainability. Wu,
Raghavendra, and Gupta (2022) confirmed that exponential
energy growth accompanies deep model training, raising
questions about the long-term viability of such approaches.

By 2023-2025, this challenge evolved into a systemic debate
around redefining Al success metrics. Rozycki, Solarska, and
Waligoéra (2025) proposed energy-aware benchmarks as an
alternative to accuracy-centric measures. Salehi and
Schmeink (2023) emphasized data-centric Green Al, arguing
that efficiency must be built into dataset design and
evaluation. Despite these proposals, the trade-off remains
unresolved: many institutions still prioritize performance
metrics due to competitive pressures in Al research.

4.2 Lack of Standardization and Transparency

Between 2020 and 2022, a major challenge was the absence of
standardized reporting practices. Henderson et al. (2020)
noted that most ML publications omitted details about
compute or energy usage. Lacoste et al. (2019, cited through
2022) attempted to address this through the Green
Algorithms framework, but adoption was limited.

Recent years have seen calls for institutionalizing
transparency. Dash (2025) advocated embedding Green Al
reporting into enterprise ESG frameworks, while Mustafa and
Smolarski (2025) highlighted the lack of consistent
sustainability disclosures in industry deployments. Still,
reporting  remains  fragmented, with  inconsistent
methodologies across academia, industry, and policy. Thus,
the problem has shifted from awareness of missing reporting
to institutional gaps in standardized accountability.

4.3 Economic and Institutional Barriers

Early challenges were framed around the high upfront costs
of greener Al hardware and renewable-powered data centers.
Patterson et al. (2021) noted that while TPUs offered
efficiency gains, they remained expensive for smaller

institutions. Pimentel et al. (2021) further observed
geographic  inequalities in renewable infrastructure
availability.

By 2023-2025, these concerns evolved into systemic
institutional barriers. Chen et al. (2025) highlighted the

uneven distribution of smart city investments, limiting access
to sustainable Al infrastructure in low-income regions.
Pimenow et al. (2025) stressed regional disparities in Al
sustainability adoption, raising concerns about equity.
Enterprises often prioritize short-term performance goals, as
Tripathi et al. (2024) showed, leaving sustainability
underfunded without regulatory incentives. Thus, early cost
concerns have expanded into structural inequities and policy
inertia.

4.4 Ethical and Social Trade-Offs

During 2020-2022, ecthical debates largely centered on
fairness and inclusivity in Al datasets, with concerns that
efficiency-driven reductions might exclude marginalized
groups (Henderson et al., 2020).

By 2023-2025, the ethical landscape has become more
complex. Jain and Mitra (2025) highlighted risks that
sustainability-focused Al  could exacerbate global
inequalities if technologies are concentrated in wealthier
nations. Federated learning, often praised for energy savings,
was criticized for introducing privacy risks and uneven
energy burdens across devices (Chen et al., 2023). Bogner,
Funke, and Kumar (2024) emphasized the need to balance
social responsibility with ecological efficiency, framing
Green Al as a multi-dimensional ethical challenge. This
represents a shift from narrow fairness debates to broader
socio-ecological trade-offs.

5. Future Directions
5.1 Policy and Regulatory Interventions

Early calls for policy focused primarily on transparency.
Henderson et al. (2020) argued for mandatory disclosure of
computational and energy costs in ML publications, while
Schwartz et al. (2020) suggested integrating efficiency as a
formal benchmark for AI research. However, these ideas
remained largely normative, without institutional
mechanisms for enforcement.

By 2023-2025, research began embedding sustainability
within regulatory and governance frameworks. Dash (2025)
proposed linking Green Al metrics directly to enterprise ESG
reporting, while Mustafa and Smolarski (2025) reviewed
how AI sustainability disclosures could shape corporate
accountability. Pattnaik, Lathabai, and Kumar (2024)
emphasized harmonizing global standards for AI carbon
accounting to prevent fragmentation. Thus, policy
recommendations have evolved from advocacy for
transparency to institutionalized governance models.

5.2 Interdisciplinary and Cross-Sectoral Collaboration

Between 2020 and 2022, collaboration was proposed as a
way to integrate Al expertise with environmental sciences.
Wu, Raghavendra, and Gupta (2022) highlighted the
importance of including climate researchers in Al lifecycle
assessments, while Pedrycz (2022) stressed the need for
interdisciplinary research agendas.

In 2023-2025, this evolved into mission-oriented innovation.
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Kumar, Shekhar, and Tewary (2025) tied Al research directly
to the UN Sustainable Development Goals (SDGs), while
Tripathi et al. (2024) argued for closer partnerships between
academia, industry, and government to scale sustainability
practices. Geng et al. (2025) showed how Al-enabled
biorefineries exemplify cross-sectoral collaboration linking
technology, bioenergy, and environmental policy.
Collaboration has thus matured from advisory
recommendations to integrated innovation systems.

5.3 Redefining AI Evaluation Metrics

From 2020 to 2022, several scholars emphasized the
inadequacy of accuracy-focused benchmarks. Strubell et al.
(2020) and Wu et al. (2022) urged the Al community to
consider energy consumption and carbon costs when
evaluating models.

By 2023-2025, new proposals emerged for energy-aware
benchmarks. Roézycki, Solarska, and Waligora (2025)
reviewed machine learning models designed with carbon
efficiency as a primary metric. Salehi and Schmeink (2023)
advocated data-centric approaches that explicitly track energy
use in dataset design and model evaluation. The field has
progressed from critiques of current benchmarks to practical
proposals for sustainability-oriented metrics.

5.4 Emerging Technologies for Sustainable Al

Early visions for future technologies emphasized hardware
advances, such as specialized GPUs/TPUs (Patterson et al.,
2021; Jouppi et al., 2021). Discussions were primarily limited
to improving efficiency within existing architectures.

By 2023-2025, attention shifted to next-generation
paradigms. Ahmed et al. (2025) surveyed neuromorphic
computing as a path to ultra-low-energy Al. Bo and Yi (2024)
explored Al- driven renewable energy supply chains, while
Kalusivalingam, Sharma, and Singh (2022) demonstrated
reinforcement learning and genetic algorithms for multi-
objective sustainability optimization. These works illustrate
the transition from incremental hardware improvements to
radically new computing paradigms.

5.5 Embedding Green Al in Societal Systems

Early discourse around 20202022 treated sustainability as an
external add-on to Al. Pimentel et al. (2021) and Wu et al.
(2022) warned about the energy impact of digital
infrastructures but provided limited pathways for embedding
Al into broader decarbonization systems.

In contrast, 2023-2025 studies focus on embedding Green Al
directly into socio-technical infrastructures. Chen et al.
(2025) analyzed multi-objective Al optimization in smart
cities, while Ifiss (2026) applied Green Al to logistics
decarbonization. Oyenuga et al. (2025) showed how Al-
enabled technologies can accelerate global supply chain
decarbonization. Green Al has thus evolved from add-on
sustainability considerations to a foundational pillar of digital
transformation and climate policy.

6. Conclusion

The trajectory of Green Al research from 2020 to 2025 reveals
a field that has rapidly matured from diagnosing
environmental costs to developing strategies and sector-
specific applications, yet still faces critical integration
challenges. Early scholarship (2020-2022) brought much-
needed attention to the disproportionate carbon footprint of
machine learning, quantifying the emissions from training
large-scale models and exposing the lack of transparency in
energy reporting. Subsequent research (2023-2025)
broadened the scope by embedding sustainability principles
into algorithms, infrastructures, and sectoral practices, and by
aligning Al with global climate goals.

This paper has synthesized these developments into three key
insights. First, while the sources of carbon emissions in Al-
training, inference, and supporting infrastructures- are now
well understood, standardized and lifecycle-based reporting
mechanisms remain underdeveloped. Second, mitigation
strategies have advanced considerably, from pruning and
transfer learning to renewable-powered infrastructures and
lifecycle-aware deployment, but remain fragmented across
algorithmic, infrastructural, and policy domains. Third,
applications of Green Al in energy, healthcare, logistics,
and governance demonstrate its transformative potential, yet
cross-sectoral integration and scalability are still limited.

The challenges and trade-offs reflect this incomplete
transition. What began as technical concerns about
performance—sustainability balances has evolved into
systemic barriers, including institutional inertia, economic
inequities, and socio-ecological trade-offs. Similarly, future
directions have shifted from transparency advocacy and
incremental hardware efficiency toward institutional
governance, energy-aware benchmarks, and next-generation
computing paradigms. Yet, the lack of a unified global
framework continues to hinder the mainstreaming of Green
AL

In light of this, the contribution of this paper is twofold.
Conceptually, it offers a synthesis of early and contemporary
Green Al research, tracing the field’s evolution to provide a
clearer understanding of its current state. Practically, it
proposes a roadmap for integrating sustainability across the
Al lifecycle, bridging algorithmic innovation, infrastructure
optimization, lifecycle management, and policy alignment.
By reframing success metrics to balance performance with
environmental responsibility, Green Al can move from a
specialized research agenda to a foundational principle of
sustainable digital transformation.

Ultimately, the future of Al innovation depends not only on
its capacity to solve complex problems but also on its ability
to do so within the limits of planetary boundaries. Embedding
Green Al into research, industry, and governance is not
simply an ethical imperative but a strategic necessity for
ensuring that artificial intelligence serves as a driver of both
technological progress and environmental stewardship.
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