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Abstract

Artificial intelligence (AI) is now a planetary-scale socio-technical infrastructure whose energy
demands are rising faster than our capacity to measure or mitigate them. Large-scale commercial
applications like Claude and ChatGPT have made Al widely accessible, however, generative Al
models are also avid electricity consumers and carbon emissions contributors. Naturally, the question
of how we might promote energy-friendly ‘green” Al arises. In this systematic review, we synthesize
the last seven years (2017-2024) of peer-reviewed work describing how Al's energy use and
emissions are measured, how substantial these emissions are across the Al lifecycle, and what
techniques can reliably reduce Al-related carbon emissions. We identified five distinct themes that
emerge in the context of green Al and have the potential to reduce energy consumption. The
observations and analysis of our review suggest a lack of standardization in measuring and reporting
energy cost and carbon emissions associated with the Al lifecycle. To address this dearth in reporting
standards, we propose eight review-driven, actionable guidelines for researchers, industry, and
policymakers to promote environmentally sustainable and green Al as a proactive property of the Al
lifecycle.

Keywords: artificial intelligence (Al); green AlL; environmentally sustainable Al; energy consumption;
carbon emissions; carbon impact

1. Introduction

Artificial Intelligence (Al) has rapidly evolved from an academic curiosity into everyday
technology. Since the creation of Eliza-the world’s first chatbot-in 1966 [1], Al technology has grown
into complex, sophisticated applications such as the humanoid robot Sophia [2]. In 2017, Google’s
transformer architecture [3] empowered researchers to create large language models (LLMs) such as
BERT [4], leading to the development of intelligent, conversational, and creative tools like ChatGPT
[5] and Claude [6]. LLMs have enabled both public access and acclaim of Al The widespread
adoption of Al and constant striving for ‘bigger’ Al comes with a critical question: what is the
environmental impact of Al systems?

The energy requirements for advanced Al models have increased dramatically, raising concerns
on the environmental sustainability and cost of AI[7]. While the 2019 BERT model training consumed
around 1.5 MWh of energy [8], the 2023 GPT-4 model was estimated to consume ~3,500 MWh for
training [9] - the energy equivalent of powering 331 American homes for a year [10]. In addition to
GPT-4, there are over 30 public Al models of the same computation scale [11]. Energy consumption
yields a direct impact on the environment in the forms of carbon dioxide (CO;) and other greenhouse
gas emissions. Training of the GPT-3 [12] or Llama 2 [13] models added ~500 tonnes CO; to the
environment, which is the carbon-equivalent of 294 one-way flights between New York and Tokyo
or driving around the world 51 times [14].
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Awareness of Al’s carbon footprint has grown recently as researchers have designed energy-
efficient models. In 2019, Schwartz et al. coined the term ‘green Al’, defining it as “Al research that is
more environmentally friendly and inclusive” [15]. The field of green Al is still in its inception and
struggles with metric standardization, fragmented terminology, opaque reporting, and inconsistent
study design [16]. The most comprehensive review of green Al by Verdecchia et al. was presented in
2022 [17], which predates the rise of LLMs and generative AIl. More recent works on green AI[18,19]
have discussed selective optimization techniques and hardware alternatives, but lack systematic
methodology, transparent literature selection, and detailed quantitative synthesis. Therefore, an
updated systematic review is required to capture recent advances in green Al and understand
environmental sustainability as an emergent property of Al systems.

Environmental sustainability is more than model size or hardware efficiency; it is an emergent
property of how Al is conceived, trained, deployed, and used. Every component--from dataset
creation and model optimization to the carbon intensity of the regional grid and the behavior of end-
users--contributes to Al’s environmental footprint. In parallel, a growing body of policy and
regulatory efforts has begun to formalize the socio-technical dimensions of Al governance. Notably,
the 2024 EU Al Act established the first legal framework for ethical and transparent Al [20], the
FUTURE-AI framework proposed principles for trustworthy Al in healthcare [21], the Federal
Institute of Technology Zurich proposed ethical principles of fair, non-maleficent, and privacy-aware
Al [22], and Gyevnar and Kasirzadeh proposed Al safety guidelines [23]. Yet, environmental
sustainability remains largely peripheral, if not absent, within these emerging frameworks.
Embedding sustainability as a factor within governance structures is important in mitigating the
carbon impact of AL

Environmental sustainability is relevant in every stage of the Al lifecycle, where distinct
computation and energy costs collectively determine the environmental impact of the Al model
(Figure 1). The lifecycle of Al typically progresses through four key stages: data management,
training, evaluation, and inference. Data management involves curating, pre-processing, and
selecting data for training. The training stage of Al is often computationally intensive and demands
high energy costs. Evaluation is less structured and entails rigorous testing and validation of the
model to ensure safe, generalizable use and performance expectations. The inference stage constitutes
usage of Al for real-world tasks and generally demands the least energy per instance. However, the
popular use of Al-assisted web search or LLMs arguably constitutes the biggest energy consumption
in the Al lifecycle. For example, querying ChatGPT for one hour consumes the energy equivalent of
streaming a video for 73 years [24]. The annual inference energy of ChatGPT (estimated at 1,058.5
GWh) is sufficient to fulfill the annual energy demands of a small country like Barbados [24] or
territory like the US Virgin Islands [25]. Data centers supporting this infrastructure already consume
~1.5 % of global electricity and may exceed 3% (i.e., 945 TWh) by 2030. Such growth calls for a shift
from ad hoc efficiency measures to carbon-aware Al systems throughout their lifecycle [26].
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Figure 1. | Energy Consumption Across the AI Lifecycle. The lifecycle includes four key stages: (1) Data
Management, (2) Training, (3) Evaluation, and (4) Inference, each with distinct energy demands. The inference

stage can exceed the energy cost of training over time, especially for large-scale models like ChatGPT.

To address the accelerating pace of Al progression and its escalating energy demands, we
present a review of literature supporting the environmental sustainability of Al Our systematic
review reflects the post-LLM landscape of approaches for green Al at a software level to advance
both scholarly and practical understanding of green Al Specifically, the review centers on three
points of inquiry: how Al's environmental impact is measured during its lifecycle, what is the energy
usage for different Al methods, and what approaches can efficiently reduce carbon emissions in the
Al lifecycle. Moreover, this review reports sustainable Al metrics and approaches from literature,
identifies reporting gaps, and offers practical guidelines for embedding environmental sustainability
in Al design and governance.

2. Systematic Review Methodology

We conducted a systematic review of peer-reviewed literature on green Al All extracted data is
provided in the Supplementary File. The review was conducted based on the rigorous workflow by
Kitchenham [27]. We complemented the literature search with an additional systematic mapping of
selected studies using the snowball method by Wohlin [28].

In this review, we aim to answer three core research questions (RQ):

e  RQ1: How can the environmental impact of Al be measured during its lifecycle?

e RQ2: What is the amount of energy consumed by various categories of AI methods?

e RQ3: What methods have been established to reduce AI carbon emissions without
compromising model performance?

Search and Review Process:

Relevant publications between January 2017 and December 2024 were initially retrieved from
(1) the Association for Computing Machinery (ACM) Digital Library, (2) PubMed, and (3) Web of
Science. Given the novelty of green Al we also searched (4) arXiv to discover peer-reviewed studies
accepted for publication but not yet integrated into formal databases.

We designed three search strings incorporating emerging topics from the fields of “‘Al’ and
‘green’:
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sl. On Al {(artificial intelligence) OR (AI) OR (machine learning) OR (ML) OR (deep learning) OR
(DD))

s2. On large and trending Al: {(foundation) OR (generative) OR (genAl) OR (large language) OR
(LLM) OR (federated) OR (self supervised) OR (self-supervised) OR (supervised) OR (pretrain)
OR (agentic)}

s3. On green: {(carbon emission) OR (energy consumption) OR (computation cost) OR (sustainable)

OR (green)}

The queries used for databases were q1=[s1 AND s3] and q2=[s2 AND s3] in the title field. The
first query aimed to identify research on green Al architectures for traditional machine learning (ML)
methods. The second query sought research on more niche and recent AI methods, such as LLMs and
federated learning.

Eligibility Criteria and Selection:

The criteria for selecting papers to address our research questions were: (1) must include original
empirical, analytical, or simulated experiments addressing the environmental impact and energy
consumption of Al methods; (2) must consider software-level strategies; and (3) must be peer-
reviewed. We excluded published abstracts, book chapters, literature reviews, gray literature, social
or policy papers, and articles not written in English.

Our search produced 3,179 results from which we identified 64 relevant studies based on the
review process [27]. The snowball process yielded 44 additional results, 11 of which met the inclusion
criteria. Thus, 75 studies were included and analyzed. The details of the systematic review are
reported following the Preferred Reporting Items for Systematic reviews and Meta-Analyses
(PRISMA) guidelines (see Supplementary).

Annotation and Data Extraction:

We employed the online literature review PICO portal [29] to organize the systematic search and
divide tasks among multiple reviewers. We extracted information such as the type of study, Al
lifecycle stage, type of Al, model learning paradigms, computing infrastructure, choice of hardware
and software, model performance metrics, energy consumption tools, metrics reported, and
calculated carbon impact. The annotation process also involved extracting the author-defined
keywords and determining the primary task/objective of each paper.

3. Empirical Findings

Keyword Co-occurrence:

To track the conceptual evolution of green Al, we performed a co-occurrence analysis of author-
defined keywords of the papers in review. Similar words and abbreviations were homogenized
before the analysis. We employed the bibliometric analysis webtool VOSViewer [30] to conduct the
co-occurrence analysis (Figure 2) showing keywords and index terms found in publications. We
observed the frequent keywords to be ‘energy efficiency’, ‘machine learning’, ‘sustainability” and
‘green Al'. There was also emphasis on a specialized Al paradigm, i.e., ‘federated learning’, while no
notable occurrences on generative Al or LLMs were found. The distribution of keywords over time
indicated that the terms ‘green Al’ and ‘sustainability” are more recent and gaining traction.
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Figure 2. | Keyword co-occurrence network in green Al literature. Graph nodes are weighted in size by the
frequency of occurrence of a keyword. The color-coded legend represents the average year of publication for
each keyword. Blue nodes represent keywords most common in earlier publications, while red nodes represent
keywords from more recent publications. Only four studies were published between 2017 and 2020 and their

keywords are not included for better visualization of color distribution over time.

Citation Analysis:

We performed a high-level bibliometric analysis on co-authorship and citations. No significant
connections were observed in the co-authorship network map generated via VOSviewer [30], likely
due to the scarcity of work done in green Al The citation analysis was conducted by Semantic Scholar
Academic Graph (S2AG) [31] querying to retrieve paper metadata, and to identify the most influential
publications with the highest impact [32]. S2AG calculates ‘highly influential citations” using a
machine learning classification method based on the location, frequency, context, and structure
around the citation [32]. Table 1 shows the summary of the most influential publications in green AL

Table 1. | Summary of influential works impacting green Al From the 75 reviewed publications, this table
highlights those with an influential citation count greater than 10, along with their overall citations, influential

citations, and a brief summary. Publications are listed in descending order of the influential citation count.

Citations
Paper (Overall / Brief Summary
Influential)
Yang et al. 2021 [33] 696 / 76 Energy-efficient trans.miss%on anld cor.nputat.ior.l resource all.ocation for
federated learning via an iterative optimization algorithm.
Lannelongue et al. 2021 331/30 Generalizable framework and tool for estimating the carbon footprint of any
[34] computation task and practical solutions for greener computation.

Energy cost analysis of popular natural language processing models and

Strubell et al. 2020 [35] 521/20 ) .
energy saving recommendations.

Justus et al. 2018 [36] 231/16 EXECuti(‘)Itl time pr‘ediction for different. componer#s:. of a neural ne'twork to
facilitate optimal hardware selection and efficient model design.

Energy estimation technique for deep neural networks to guide energy-

Y. 1. 2017 [37 1 1
ang et al. 2017 [37] 63/13 efficient design strategies before training begins.
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Framework for measuring the carbon impact of a system, especially

il el I B 200/11 considering the geographic location and time of the day.

Environmental Metrics and Tools:

To address RQ1, we studied the 75 publications for their quantitative evaluation of the
environmental impact of Al Several metrics were used (see terminology in Table 2). Energy
consumption (EC) is the most direct measure of the power needs of a model. This includes energy
consumed by processors, GPUs, and memory. However, the environmental impact of a system is
measured by its carbon emissions (CE). In literature, the terms carbon emissions and carbon footprint
(CF) are often used interchangeably. CE not only depends on the amount of energy consumed but
also on the origin of the energy source as every source has a different emission factor y (unit:
gCO,/kWh) that dictates the impact of the consumption on the environment. For example, an Al
model trained with energy generated from fossil fuels will yield much higher CE than an AI model
trained with energy generated by wind turbines. Another factor influencing CE is the Power Usage
Effectiveness (PUE) of the system. PUE refers to a unitless measure of how efficiently a system or
data center uses energy. An ideal system will have a PUE of 1, however, in practice, systems have an
average PUE of 1.56 [39]. Thus, the carbon emissions of a system can be measured as CE =y * PUE *
(Total Energy Consumed) [39].

Table 2. | Key metrics for measuring Al’s environmental impact with their standard units and definitions.

Energy Consumption (EC): Total amount of energy utilized by a system or process over time. Unit: Joules (J) or
kilowatt-hours (kWh).

Power Consumption (PC): The rate at which energy is consumed at a given instant. Unit: Watt (W).

Carbon Emissions (CE): The amount of CO; (or equivalent of other greenhouse gas) released into air. Unit: grams of
CO; equivalent (gCOze).

Carbon Footprint (CF): The overall carbon emissions produced by a product or company. It is often used
interchangeably with CE. Unit: gCOxe.

Carbon Intensity (CI): The amount of CO, or equivalent gases emitted per unit of activity, like electricity. Example
unit: gCOe/kWh.

The metrics included in green Al literature included direct measures like EC, PC, CE, and carbon
intensity (CI), as well as indirect measures such as training time, number of computations, etc. Only
62/75 (82.67%) of papers reported energy related metrics, with 23/75 (30.67%) of papers reporting
carbon impact as CE or CI, and 16 (21.33%) reporting both CE and CI (Figure 3). Furthermore, only
7[75 (9.33%) of papers explicitly incorporated PUE as a metric, even though PUE is crucial to
estimating the true carbon impact of a system.

Energy
Consumption
n=35 n=14

% Energy
Reduction
n=4

Indirect

Carbon

Intensity. Power
n=5 Consumption
n=12

Figure 3. | Venn diagram illustrating the distribution and overlap of environmental metrics used across
reviewed studies. The size of circles and overlapping regions is representative of the number of papers utilizing

the metric. Overlap highlights the multi-metric approaches used to evaluate Al's environmental impact.
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The reviewed literature mentioned 27 unique tools to quantify the energy consumption of Al
through its lifecycle (see Supplementary for citations using specific tools). However, only 29/75
(38.67%) of papers explicitly mentioned tool usage. The most discussed monitoring tool in this review
was CodeCarbon (n=7) [40], followed by Experiment Impact Tracker (n=2) [41], Green Algorithms
(n=2) [34], and MLCO, Impact (n=2) [42]. The most discussed performance profiling commands were
RAPL (n=4) (Intel, Santa Clara, CA, USA) and NVIDIA-SMI (n=3) (NVIDIA Santa Clara, CA, USA)
used to monitor Intel CPU and NVIDIA GPU power usage, respectively.

Geographical Distribution:

We extracted co-author affiliation countries from each paper’s metadata and counted affiliations
per country. We identified 376 co-author affiliations in 29 countries, with green Al research
dominated by the United States (n=99), followed by China (n=39), Spain (n=37), United Kingdom
(n=21), and Netherlands (n=21). Representation from the Global South (including Sub-Saharan Africa,
South Asia, and Latin America) was sparse (n=13; South Asia 3 and Latin America 10). We rendered
a choropleth map (Figure 4) representing the density of co-author affiliations across the globe.

Understanding where green Al research is conducted is important, as geographical context
strongly influences the carbon intensity of computation. Regional factors such as climate, energy mix,
and temporal variation in grid demand substantially affect the carbon emissions of identical
workloads. For example, Dodge et al. [38] demonstrated that EC for equivalent computation tasks
can vary by several orders of magnitude, from as little as 0.02 kWh in Norway and France to nearly
~13,000 kWh in the United States and Australia. Similarly, Shaikh et al. [43] reported carbon emissions
associated with the same energy use may differ by sevenfold across U.S. regions due to variations in
electricity grid intensity. These disparities highlight the need for guidelines that integrate geographic
and infrastructural variability into the assessment and governance of green AL

Num. of authors
100

80
60
40

20

Figure 4. | Geographic distribution of co-authors contributing to green AI research. The choropleth map
shows dispersed but limited geographical distribution. United States has the highest density of 99 co-authors,

while the remaining 28 countries each have fewer than 40 co-author affiliations.

Theme Identification and Analysis:

We identified five principal themes in literature by grouping the primary tasks of the reviewed
studies:

T1. Energy Consumption Tracking Tools

T2. Carbon Evaluation of Existing Al

T3. Green Frameworks in Federated Learning

T4. Novel Techniques for Green Al

T5. New Carbon-aware Al Frameworks

The themes relate well to our research questions with T1 and T2 addressing research questions
RQ1 and RQ2, respectively, while T3, T4, and T5 collectively address RQ3 by detailing novel

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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techniques and frameworks to minimize the carbon impact of Al. We report empirical findings,
trends, limitations, and energy improvements from each theme below.

Table 3. | Summary of five principal themes in green AI. Commonly occurring features are noted for each

category of extracted data. Features of the highest frequency are in bold format.

Frequently Occurring

Paper : c
Count Years Tools AI Model Al Lifecycle Computing Perform.ance
Stage Infrastructure Metric
Theme 1 — Energy Consumption Tracking Tools
Local
Green Algorithms [34] CNN Training Accuracy
1 2017 - 2024 1
3 2017-20 CodeCarbon [40] LLM Inference %‘;&d RMSE
Theme 2 — Evaluates Environmental Impact of Al methods
Training
NN
CodeCarbon [40] CML Inference Accurac
23 2019-2024 NVIDIA-SMI (NVIDIA) Optimization Local y
LLM F1-score
perf tool (LINUX) Data-
MLP
Management
Theme 3 — Green Frameworks in Federated Learning
Training
. Optimization . Accuracy
13 2021-2024 Mathematical models CNN Distributed
Data- SSIM
Management
Theme 4 — Novel Techniques for Green Al
Training
MLCO, Impact [42] CNN Inference Accuracy
17 20172024 Torch profiler (LINUX) LLM Data- Local RMSE
Management
Theme 5 — New Carbon-aware Al frameworks
CodeCarbon [40] CNN Training él(:) Cj(li Accuracy
9 2020 - 2024 Carbon Tracker [44] M Inference HPC Latency
Intel Power Gadget (INTEL) Optimization - BLEU score
Distributed

CNN - convolutional neural network; LLM - large language model; HPC - high-performance computing; ML -
machine learning; MLP - multilayer perceptron; SSIM - structural similarity index measure; RMSE - root mean

square error; BLEU - bilingual evaluation understudy.

T1. Energy Consumption Tracking Tools

The papers in this theme present tracking tools designed to estimate and track energy consumed
during various Al lifecycle stages, particularly during training and inference. Diverse approaches
towards green Al include optimized task scheduling on low carbon intensity days [45], visual
comparisons of various ML configurations [44,46], and considering geographical location
[34,38,44,45] in calculating carbon impact of an Al system. Table 4 presents a complete list of methods
and tools in this theme. These tools were implemented equally across local setups, on the cloud, and
across high-performance computing (HPC) and data centers. Importantly, these tools were
developed for single-site Al and underscore the need for scalable carbon tracking frameworks that
extend to distributed and federated settings.
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Table 4. | Summary of publications proposing standalone tools for supporting green AL Tools can be
categorized as (1) Estimation tools that can be used to gauge carbon footprint prior to training, (2) Monitoring
tools that can track energy consumption in real-time, and (3) Governance tools for green Al awareness. DL-based
tools indicate methods for measuring energy consumption or carbon footprint of Al systems and are designed

using a deep learning (DL) model.

Tool Feature Tool Description
Pre-training estimation tools

Execution-Time

. DL-based tool Prediction of execution time for neural network training and inference.
Predictor [36]
GreenRunner [47] DL-based tool Preselection of energy-efficient ML configurations in application-specific
Open source contexts.

TO model [48] Estimation of carbon footprint based on model configurations via
nonlinear computational modeling.

Green Algorithms Estimation of carbon emissions based on data center efficiency and

Calculator [34] geographic location.
eco4Cast [45] G Prediction of daily Carl?c?n intensity i.n geographical regions and energy-

efficient scheduling of ML tasks.
Runtime monitoring tools
eCO,AI [49] Open source Estimation of carbon emissions during model training.
Carbon Measurement of carbon footprint, considering location and time of the

Framework [38] day.

Fri?nr:af:;TgO] DL-based tool Evaluation of energy consumption, especially in cloud data centers.
Benchmark- Benchmarking and evaluation of Al system's speed, performance, energy
Tracker [44] use, and carbon footprint.

. Tracking, visualization, and comparison of carbon emissions based on

EnergyVis [46] Open source

hardware or geographical location.
Tracking, visualization and comparison of energy-performance tradeoffs
in ML models
Online Resource Estimation of energy consumption of deep neural networks considering
. Open source
Estimator [37]

MIEV [37]

both computation energy and data movement energy.

Governance
Explainable

Sustainability [52] Embedding sustainability feedback within Al systems.

T2. Carbon Evaluation of Existing Al

Theme 2 has the greatest breadth by evaluating multiple Al lifecycle stages and concluding that
large Al models incur high carbon emissions [35]. In addition to reporting energy consumption, this
theme reveals several practical solutions and considerations for Al engineers when designing energy-
efficient systems:

e  Use simpler model architecture when possible [53].

e  Employ CPUs for non-imaging inference tasks [54].

e Add power caps to GPUs (10-24% energy efficiency) [55].

e  Pair lightweight models with local devices and heavier models with cloud GPUs [56].

e  Perform hyperparameter tuning (50-160% energy efficiency) [57].

e  Reduce data and choose appropriate hardware (80% computational efficiency) [58].

o  Deliberately select optimized techniques tailored to the model such as caching for data loading
(400% faster training), choosing adaptive optimizer like Novograd, and using lightweight
architecture. [59].

e  Consider Racetrack Memory device instead of GPUs for energy-efficient inference [60].

e  Consider ONNX Runtime for energy-efficient deployment of edge Al models [61].
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e  Use lower-precision computation e.g. float16 instead of float64 (~24% energy efficiency) [62].

e Employ energy-aware hyperparameter optimization techniques e.g. Bayesian optimization
HyperBand (BOHB), HyperBand, population-based training (PBT), and the asynchronous
successive halving algorithm (ASHA) (~29% energy efficiency) [63].

e  Reduce size of training data (50% energy efficiency) [64].

e  Reduce network complexity by reducing the number of convolutional layers [65].

13. Green Frameworks in Federated Learning

Within this theme, studies highlighted efforts to reduce both data transmission and computation
energy in federated learning systems. Studies incorporated edge Al, quantized neural networks,
device scheduling, and resource allocation to lower energy costs. Table 5 summarizes the quantitative
improvements achieved through novel federated learning methods. Studies in this theme only
reported total energy usage but omitted CF estimates. This gap likely stems from inconsistent and
unclear emission factors across clients, making carbon impact calculations difficult. Altogether, these
studies demonstrate promising advances in energy-aware federated learning but expose a gap in
green Al, ie., without standardized carbon measurement across distributed nodes, the true
environmental footprint of federated systems remains uncertain and lacks metrics for governance.

Table 5. | Summary of publications proposing green frameworks in federated learning with reported
quantitative improvement metrics. Maximum percentage improvement derived from either direct or indirect
measures reported in publications, along with concise descriptions of the corresponding methods employed to
achieve these improvements are summarized. Publications are organized in descending order of maximum

reported improvement within each measurement category.

Maximum
Paper reported Method in Federated Learning
improvement

Using direct measures (energy consumption, power consumption)
Kim et al. 2022

[66] 70% Quantized neural networks to optimize convergence rate and energy cost.
Hsu et al. 2022 699 Two-stage iterative optimization for optimal data sampling and
[67] ? communication energy resources.
Lietal. 2021 579 Fine-grained gradient compression technique that adapts sparsity/precision
[68] ’ per network layer.
Wang et al. Quantized models combined with optimized joint fronthaul-rate and power
2023 [69] 50% allocation
Driss et al. 2024
1188 ([37 (?] 43% Grey-Wolf-Optimizer—based multi-attribute client selection.
Albaseer et al. 289, Fairness-aware client scheduling that weights devices by historical
2024 [71] ? participation.
Kuswiradyo et 279 Energy-aware omnidirectional workload offloading across fog, edge, and
al. 2024 [72] 7 cloud computing.
Using indirect measures (time, communication overhead)
Fontenla-
Romero et al. 87% One-shot federation for a network for efficient single round communication.
2023 [73]
Qi et al. 2024 80% One-shot federated learning with generative learning to achieve outcomes in a
[74] ? single communication round.

T4. Novel Techniques for Green Al

Like T3, this theme also answers RQ3 by proposing new algorithms that result in reduced carbon
impact of Al technology. Table 6 presents a summary of energy-saving techniques and their
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quantitative impact. T4 demonstrates the most inconsistent tool usage and lack of standardization
across all themes, as energy costs were often reported as percentage improvements [75,76] without
details on how they were calculated. Other approaches relied on indirect computation indicators like
FLOPs and training time [77-83], which offer limited insight into the true environmental impact of
the system. Collectively, these studies illustrate rapid innovation toward green Al, yet the absence of
standardized measurement protocols limits direct comparison in energy efficiency and hinders the
translation of greener Al methods into verifiable environmental gains.

Table 6. | Summary of publications proposing novel techniques in green Al with reported quantitative
improvement metrics. Maximum percentage improvement derived from either direct or indirect measures
reported in publications, along with concise descriptions of the corresponding methods employed to achieve
these improvements are summarized. Publications are organized in descending order of maximum reported

improvement within each measurement category.

Maximum
reported
improvement

Using direct measures (energy consumption, carbon emissions)

Paper Method

Shi et al. 2024

[84] 99% Compression and energy-focused usage of LLMs.
Pirnat [est5a]11. 2022 94% Compact feature and model design for low-power applications
Liu et al. 2024 87 62 Green-aware benchmarking framework using only-encode-once (OLEO)
[86] o training.
Xlzlagglfge;] al. 67% Optimized task selection and structured sparsity for efficient edge inference.
Yi 1. 2024
n e,[(gz] 0 62% Dynamic coreset selection to train on a compact subset of data.
Nijkamp et al. o . . . .
2024 [81] 57% Optimal ensemble selection to minimize computing costs.
Reguero et al. 569 Reduce training compute using progressive layer freezing, model
2024 [88] ’ quantization, and early stopping.
Wei e[t 821]' 2023 55% Post-training quantization method for LLMs.
Lazzaro et al. 319 Novel training loss function guided by measured energy to optimize
2023 [76] ’ consumption.
Gille et al. 2022 259, Structured sparsity-regularized convolutional autoencoders for low-energy
[75] ’ image compression.
Using indirect measures (compute cost, FLOPs)
H 1. 202
uang[;’;]a 023 64% Adaptive backpropagation in LLM finetuning to reduce computing costs.
Spring et al. 2017 959, Randomized hashing technique to reduce memory and computing during
[82] ° training.
Using indirect measures (time, model size)
Balderas et al. 20% Lightweight deep learning architecture with efficient training for time-series
2024 [80] ’ prediction.
A;ronzzh[;;]a L 50% Model pruning technique for reducing the number of parameters.
Y 1. 202
ang ([3; g] 023 60% Dynamic data subset selection during training to reduce redundant samples.
Candelieri et al. . - .
2021 [78] 66% Augmented Gaussian processes for efficient hyperparameter optimization.
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Bird et al. 2020 949, Binary-activated neural networks for generative models to limit
[91] ’ computation.

T5. New Carbon-Aware Al Frameworks

Unlike other themes, literature on new carbon-aware frameworks focused on both single-site
and distributed learning paradigms. These frameworks highlighted the trade-offs between model
performance and energy cost across the Al lifecycle [86-88]. The emergence of such frameworks
suggests the need for standardized policies and practices for embedding environmental
sustainability into Al systems. Some of these carbon-aware frameworks are:

e  CEMA], a carbon-aware machine learning pipeline that measures and reduces emissions across
the entire ML lifecycle using CodeCarbon and smart caching [92].

e C(Clover, a carbon-aware inference system that dynamically selects models, allocates GPU
resources, and schedules inference based on grid carbon intensity (80% reduced carbon
emissions) [93].

e FREEDOM, a privacy-aware, energy-efficient resource scheduling framework to optimize batch
sizes and privacy budgets in federated learning environments using Deep Q-learning and GANs
(10.9-11.5% energy efficiency) [94].

Extracted Data Analysis:

Green Al is a rapidly evolving domain, reflecting a growing awareness of the Al's environmental
impact. Of the selected papers, 66/75 (88%) were published in or after 2021, marking a decisive
acceleration in research activity following the public release of Open Al's GPT-3 in June 2020. The
temporal evolution of publications (Figure 5) reveals a clear thematic transition: early work (pre-2019)
concentrated on optimizing conventional machine learning and convolutional neural network (CNN)
architectures, while research between 2020 and 2022 shifted toward transformer-based models and
LLMs. Moreover, since 2022, tool-centric publications have emerged, advocating for energy
measurement practices in Al systems. This trajectory reflects a maturing field, moving from
conceptual discussions to data-driven approaches for Al sustainability assessment.

We further synthesized and illustrated the distribution of extracted data features (Figure 6), the
relationship between learning paradigms, lifecycle stages, and model architectures (Figure 7), and
the potential of energy-saving strategies across the Al lifecycle (Figure 8). The reviewed literature
prioritized reducing training costs, with only 18/75 (24%) addressing inference-stage efficiency. The
Sankey diagram (Figure 8) reveals that the reviewed literature on green Al is primarily dominated
by centralized, single-site learning pipelines focused on training and inference of CNN-based models.
While federated learning is present, it is prevalent in training stage only. LLMs are trending but
generative or other complex vision models appear only in niche cases. We also identified that
improvements in energy are not confined to any single Al lifecycle stage. This suggests that
meaningful energy savings can be pursued throughout the lifecycle of an Al system. It is noteworthy
that the evaluation phase of the Al lifecycle was absent from all studies included in this review
(Figures 6, 7, and 8).
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Figure 5. | Yearly trends in green AI publications (2017 — 2024). Distribution of publication volume and

dominant thematic focus across years.
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Figure 6. | Distribution of extracted data features across reviewed studies. Visualization of quantitative
distribution of reviewed literature across study types, Al lifecycle stages, learning paradigms.
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Figure 7. | Sankey diagram of Al attributes in the literature. Visualization of quantitative flow between Al
learning paradigms, lifecycle stages, and model architectures in reviewed research. The width of each stream

represents the relative prevalence of that combination in the reviewed studies. CNN - convolutional neural
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network; LLM - large language model; RNN - recurrent neural network; ML - machine learning; MLP -

multilayer perceptron.
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Figure 8. | Percentage improvement in energy consumption reported across Al lifecycle stages. The box plot
shows the median, interquartile range, and minimum and maximum values of reported relative energy
improvements.

4. Guidelines for Green Al

We propose eight literature-backed guidelines for green Al Figure 9 summarizes the energy-
intensive stages of the Al lifecycle and highlights techniques to reduce their environmental impact.
Each guideline is aligned with the recommendation where evidence suggests it delivers the greatest
impact, though all guidelines are relevant to each of the Al lifecycle.

Energy-Intensive Processes
C ) Data Management

Indiscriminate Dataset Preprocessing

== Unoptimized Data Loading/Transfer
g Uncompressed, Duplicate-prone, Real Data

& Model Training
Over-parameterized, Bloated Models
Centralized, Task-specific, From-Scratch Training
Q Exhaustive, Inefficient Hyperparameter Sweeps
E/| Evaluation & Inference
E Peak-time, Carbon-blind Job Execution

Over-provisioned, Idling, Fixed Resources
E/l \ Geography-agnostic Compute Assignments

‘Green AI’ Recommendation

==
=2/

Efficient Data Management: G6, G7
Curated and Standardized High-impact Data
Optimized Data-loading Pipelines/Hardware
Compressed, Deduplicated Synthetic Datasets

Energy-Saving Model Training: G1, G2, G3
Lightweight, Pruned, Quantized, & Distilled Models
Federated Learning; Fine-Tune Foundation Models
Algorithmic-informed Hyperparameter Selection

E’/l Sustainable Evaluation & Inference: G4, G5, G8
E Low-carbon/Off-Peak Job Scheduling

Algorithmically Assigned, Auto-Scaled Compute
Z \ Grid-Aware, Carbon-Efficient Allocations

Figure 9. | Broad categorization of energy-intensive Al subprocesses with corresponding techniques for

reducing environmental impact. Green techniques can be employed at all stages to reduce energy costs.

G1. Adopt Emissions-Aware Scheduling and Resource Optimization

Use emissions-aware scheduling for compute-heavy jobs so they run when grid carbon intensity

and data center load are low, reducing indirect emissions from cooling and supporting infrastructure
[34,95]. Consolidating workloads into hyperscale facilities can cut energy use by 25% [34].
Complement emissions-aware scheduling with hardware resource allocation systems that provide
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only the minimum necessary computing and storage resources, to avoid over-provisioning and idle
energy usage [95].

G2. Design Energy-Efficient Models and Datasets

Design Al architectures with energy efficiency as a core objective and train models with high-
impact, optimized data. Apply pruning, quantization, distillation, early stopping, and lightweight
ensembling to reduce model size and training time while maintaining competitive performance
[35,44,50,55,59,63,64,78,79,85,88,91,96]. Reported savings vary by method and setting: energy-aware
training has been shown to cut training operations by 8 to 27% [76]; power capping can reduce energy
use by 20% with minimal slowdown in reported configurations [55]; sustainable network design
reduces carbon footprints by 42% [85]; energy-efficiency model training with early stopping and
quantization save 56% of energy costs. Additionally, reduce system-level overhead by scaling
datasets when appropriate and optimizing data-loading [53,56,68,73,83]; smart data selection can
decrease computation time by 41% [83].

G3. Leverage Pretrained Models and Efficient Learning Paradigms

Avoid training large models from scratch when possible. Instead, apply transfer learning, fine-
tune foundation models, or use federated learning to reduce redundant computation and associated
emissions [48,58,60,66,69,73,80,97]. Reported results reduce energy by 84% with energy-efficient
federated learning [98], 70% with quantized federated learning [66], 50% with joint optimization [69],
and 32% with gradient compression [68]. Further, sharing open model weights and providing
transparent methods prevents unnecessary re-training and duplicated emissions.

G4. Track Carbon Emissions Throughout the Al Lifecycle

Adopt standardized carbon-tracking tools (e.g., CodeCarbon, eCO,AI) to
consistently report energy use and emissions across the Al lifecycle
[45,50,52,60,65,76,77,82,93,99-101]. Tracking alone does not cut emissions, but
tracking software supports accuracy-carbon savings tradeoffs, enabling up to 75%
carbon saving with minimal accuracy loss [93]. Prefer tools that support controls
such as pausing, resuming and early stopping, allow for scheduled starts
[36,46,54], and that integrate geographic and time-varying grid intensity data,
which can reduce carbon costs by up to 90% via multi-zone workload scheduling
[45]. Figure 10 displays a carbon intensity map from July 2025 extracted from the
Electricity Maps platform (Copenhagen, Denmark) and demonstrates the vast
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ranges of carbon intensity from grids worldwide.
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Figure 10. | Example carbon-intensity map from the Electricity Maps platform illustrating wide geographic
variation in grid emissions (gCO.e/kWh). Such variability motivates carbon-aware scheduling and multi-zone

workload placement to reduce the emissions of Al training and inference.

G5. Benchmark Environmental Metrics Alongside Performance

In addition to standard performance metrics (e.g., accuracy, Fl-score), it is recommended to
report environmental indicators such as carbon footprint, training time, memory usage, and energy
consumed using standard PUE measures. This practice facilitates meaningful comparisons between
models and fosters a culture of environmentally sustainable evaluation [36,50,57].

G6. Establish Benchmark Datasets for Energy Efficiency

Develop and maintain community-driven standard datasets dedicated to benchmarking energy
efficiency across diverse Al tasks. A centralized repository for evaluating green Al methods on
standardized tasks with embedded energy consumption metrics ensures fair comparisons and guides
future innovation in green AI [37,47].

G7. Encourage Policy and Institutional Reform

Encourage the adoption of institutional and governmental policies that prioritize funding,
publication, and implementation of green Al systems. Reform requires aligning review criteria and
research funding calls with environmental sustainability goals and advocating for national Al
strategies that integrate environmental responsibility [38,54,62].

G8. Promote Explainable Sustainability in Al

Make energy and emissions impacts easy for non-experts to understand by providing clear
dashboards and visual interfaces that translate technical metrics (i.e., energy, runtime, utilization,
and carbon-intensity—based emissions estimates) into intuitive summaries and trends [37,52]. Tools
can surface per-query emissions and a user’s cumulative footprint to encourage lower-impact choices
(e.g., smaller models, batching, or deferring non-urgent runs to cleaner grid periods) and strengthen
accountability [37,52].
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5. Discussion

We present a systematic review addressing sustainable Al strategies and guidelines synthesized
from our findings to improve the environmental sustainability of AL Data analysis revealed a rapidly
expanding interest in green Al, yet the field remains methodologically fragmented, with inconsistent
carbon reporting and a disproportionate focus on the training phase of Al models. Particularly, the
inference stage, which may constitute the largest share of Al's energy footprint, has received limited
attention. For instance, internal estimates from Google suggest that inference accounts for nearly 60%
of its Al-related energy use [102]. Similarly, the evaluation stage is virtually absent from current
literature, and its unstructured character means its environmental implications remain unexplored
and poorly understood.

The sparse distribution of environmental metrics in the review reveals the lack of reporting
standards and hinders reproducibility across studies. Carbon emissions, incorporating the carbon
intensity of the power source, offer a more accurate reflection of Al's environmental impact than
energy consumption alone. Indirect metrics such as runtime, number of computations, and model
size require further evaluation to determine their validity as proxies for green Al metrics. Similarly,
in federated learning studies, the absence of carbon reporting despite calculating energy cost reflects
unaligned practices in the Al community and highlights the need for standardized reporting
protocols.

The observed geographical skew of publications toward high-income countries may reflect
unequal access to hardware resources, renewable energy, and measurement infrastructure. Without
equitable participation, Al can risk deepening the global divides in both sustainability and
innovation. Establishing standardized reporting frameworks and lifecycle-aware benchmarks is
therefore not only a scientific consideration but also a matter of governance and fairness. For
researchers, these findings suggest embedding environmental transparency and regional context into
every stage of the Al lifecycle. The guidelines proposed in this paper offer a pathway to harmonize
research practices and act as building blocks for green Al inclusive policy frameworks.

Altogether, three main conclusions emerge from our synthesis: (1) Lifecycle Blind Spots:
Research on green Al remains heavily skewed toward the training stage, underrepresenting the long-
term energy costs of evaluation and inference; (2) Quantifiable Metrics: The development of carbon-
tracking tools and model optimization techniques reflects a growing emphasis on measurable
sustainability practices; and (3) Reporting Gaps : The lack of standardized reporting frameworks in
Al covering elements such as environmental metrics, hardware, software details, and geographic
context, continues to hinder meaningful cross-study comparisons and real-world relevance.

The review underscores the timely need to develop global standardization protocols, design
carbon-aware methods, and conceptualize environmental sustainability as a socio-technical property
of Al systems. Environmental sustainability could become a guiding principle of Al systems, not a
secondary engineering concern. Al’s energy profile is a structural characteristic of its development
ecosystem, shaped by decisions across data curation, model architecture, hardware allocation,
temporal scheduling, and geographic context. In January 2025, the World Economic Forum released
a white paper highlighting the challenges and potential opportunities for Al sustainability through
efficient lifecycle design and optimized data centers [103]. In this framing, green Al is not a matter of
just minimizing wattage, but of rethinking how Al is designed, implemented, and scaled within a
global computational infrastructure. This perspective aligns with broader agendas in responsible Al
and climate science, where transparency, equity, and long-term impact are central.

The review has several limitations. To preserve scientific rigor, the review process excluded
industrial white papers, non-peer-reviewed publications, and papers in other languages than
English, thus omitting potentially informative real-world data. Our focus on software-level strategies
means that embodied emissions from hardware manufacturing, cooling systems, and data center
construction were excluded. Finally, heterogenous reporting in literature, such as missing context
information and non-standard units, precluded a formal meta-analysis. These limitations reflect the
nascency of the field and further underscore the need for standardized carbon accounting protocols.
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In addition to energy-aware Al systems, we call for increased awareness of Al's carbon impact
as aligned with UN Sustainable Development Goal 13 [104], which emphasizes education and
institutional readiness for climate change mitigation. Awareness of Al's environmental footprint can
begin with public Al chatbots and tools displaying the carbon emissions generated by individual user
queries and their cumulative impact over time.

The environmental impact of Al is an emerging challenge. The findings and guidelines in this
review have the potential to connect state-of-the-art technical innovation and nascent environmental
governance through actionable and explainable frameworks for environmentally sustainable Al The
systematic review emphasizes the need for integrated policies and collaborative standards that
embed sustainability alongside safety, ethics, and trustworthiness in Al regulation. The choices our
community of researchers, policymakers, and industry make today will determine not only the
capabilities of Al, but also its footprint on our environment tomorrow.
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