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Abstract- Artificial intelligence is advancing rapidly, but
its environmental cost is often underestimated. Training a
single large model can consume as much electricity as
several households use in a year. While “Green AI” has
become a popular term, most sustainability assessments
remain limited to FLOPs per Watt or carbon emissions
during training. This narrow focus ignores critical
lifecycle impacts such as the water required to cool data
centers and the rare earth minerals embedded in GPUs,
which contribute to e waste and resource depletion. To
address this gap, we propose the Environmental Impact
Factor (EIF), a unified framework that integrates energy
use, carbon emissions, cooling water footprint, hardware
degradation, and e waste into a single sustainability score.
EIF provides a more transparent and accountable
measure of AI’s true environmental burden.

Index Terms- - Green Al, Environmental Impact Factor
(EIF), lifecycle assessment (LCA), Sustainability Aware
Hyperparameter Optimization (SA HPO).

L INTRODUCTION

Artificial intelligence (AI) is reshaping industries
worldwide, but its environmental footprint is
becoming a growing concern. Training large models
can consume as much electricity as several
households use in a year, generating significant
carbon emissions and resource demands. While the
idea of Green Al has gained attention, most current
assessments remain narrow, focusing only on
FLOPs-per-Watt or carbon emissions during training.
This limited view overlooks critical lifecycle impacts
such as water usage for cooling data centers,
rare-earth minerals required for GPU manufacturing,
and the mounting issue of e-waste from hardware
obsolescence. Without accounting for these
dimensions, Al sustainability remains incomplete and
lacks accountability.

To address this gap, we propose the Environmental
Impact Factor (EIF), a unified framework that
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integrates  energy, carbon, water, hardware
degradation, and e-waste into a single sustainability
score. Alongside EIF, we introduce
Sustainability-Aware Hyperparameter Optimization
(SA-HPO), which incorporates environmental
constraints—such as water usage—into model
optimization alongside accuracy. Together, these
approaches aim to guide Al development toward
systems that balance performance with ecological
responsibility.

II. LITERATURE SURVEY

Strubell, et al. (2019). This landmark paper
quantified the energy and carbon footprint of NLP
models, sparking awareness of AI’s environmental
costs. The authors highlighted the need for efficiency
metrics but focused mainly on training energy,
leaving out lifecycle aspects such as hardware and
cooling. Despite its narrow scope, the study was
pivotal in initiating the Green Al conversation.

Schwartz, et al. (2020). This paper introduced the
term “Green AI” and argued for efficiency-focused
research. The authors proposed standardized
reporting of computational costs, but the suggested
metrics were limited to FLOPs and carbon emissions.
Water usage and e-waste were not considered,
leaving  important  sustainability =~ dimensions
unaddressed.

Zhang, et al. (2022). The authors extended
sustainability analysis to lifecycle carbon accounting
in deep learning. Their framework was an important
step toward holistic evaluation, but it remained
carbon-centric, overlooking water footprint and
hardware degradation. The work highlighted the need
for broader lifecycle metrics.
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Chen, et al. (2022). This study proposed unified
benchmarking across energy, carbon, and water. It
was one of the first to include water footprint in Al
sustainability —assessments. However, hardware
impacts and e-waste were not fully explored, limiting
its comprehensiveness.

Kaur, et al. (2022). The authors suggested IEEE-style
reporting standards for Al energy use and carbon
emissions. Their work strongly emphasized
transparency and accountability in reporting, but the
scope was restricted to energy metrics, leaving out
other environmental factors.

Gupta, et al. (2023). This paper reviewed
sustainability challenges in Al and proposed
standardized metrics. The authors identified gaps in
lifecycle coverage, particularly in water usage and
hardware impacts. Their work reinforced the need for
multi-dimensional sustainability frameworks.

Lee, et al. (2023). The study explored sustainability
benchmarks and emphasized transparency in Al
systems. While it provided insights into emerging
trends, it lacked concrete lifecycle methodologies,
making it more conceptual than practical.

Patel, et al. (2023). This systematic review linked Al
development to broader sustainability goals. The
authors emphasized carbon footprint metrics but did
not address cooling water or e-waste. Their agenda
highlighted the importance of aligning Al with
environmental responsibility.

Wu, et al. (2023). The authors applied lifecycle
assessment (LCA) methodology to Al models,
offering a strong contribution toward holistic
sustainability frameworks. However, reproducibility
challenges remained, and the framework required
further refinement for industry adoption.

Rojahna, et al. (2024). This meta-analysis
consolidated definitions, lifecycle models, hardware
considerations, and measurement attempts in Green
Al. The authors highlighted the lack of unified
standards and stressed the need for multi-dimensional
metrics that include energy, carbon, water, and
hardware impacts.
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2.2 RESEARCH GAP

Most current studies on Green Al focus narrowly on
energy efficiency or carbon emissions, overlooking
broader lifecycle impacts such as water usage,
rare-earth mineral extraction, hardware degradation,
and e-waste. Reporting practices also lack
standardized, multi-dimensional metrics, making
comparisons  difficult. Moreover, optimization
methods still prioritize accuracy and speed without
considering sustainability constraints. This gap calls
for a unified framework that integrates diverse
environmental factors and embeds them directly into
the optimization process.

III.  GREEN AI AND LIFECYCLE
ASSESSMENT

3.1 Green Al

The concept of Green Al emphasizes efficiency and
sustainability in artificial intelligence research. Early
work focused on reducing computational costs and
carbon emissions, but this approach often ignored
broader ecological impacts. Green Al must evolve
from a narrow efficiency metric to a holistic
sustainability paradigm.

3.2 Lifecycle Assessment (LCA)
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Fig 2. EIF Lifecycle Framework
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Lifecycle Assessment (LCA) is a methodology used
to evaluate environmental impacts across the entire
lifecycle of a product or system. Applied to Al, LCA
considers:
e Energy consumption during training and
inference.
e Carbon footprint based on regional grid intensity.
e Water footprint from cooling and energy
production.
e Hardware degradation due to thermal stress and
intensive workloads.
e E-waste from hardware obsolescence and rare-
earth mineral depletion.
By adopting LCA, Al sustainability can be measured
not just at the point of training but across its entire
lifecycle.

IV.  ENVIRONMENTAL IMPACT FACTOR
(EIF)

The Environmental Impact Factor (EIF) is a unified
framework that aggregates multiple sustainability
dimensions into a single score. It moves beyond
carbon-centric metrics to include:
e Energy Consumption (kWh): Total electricity
used in training and inference.
e Carbon Emissions (CO:e): Regional grid
intensity and emissions.
e Water Footprint (Liters): Cooling water and
indirect water use in energy generation.
e Hardware Degradation: Reduced lifespan of
GPUs due to thermal and electrical stress.
e E-waste: Environmental burden of rare-earth
minerals and discarded hardware.

EIF provides a transparent, multidimensional
measure that can be adapted to institutional or
regional priorities through weighting coefficients.

V. SUSTAINABILITY -AWARE
HYPERPARAMETER OPTIMIZATION (SA-HPO)

Traditional hyperparameter optimization (HPO)
focuses on maximizing performance metrics such as
accuracy or speed, often disregarding environmental
costs. Sustainability-Aware Hyperparameter
Optimization (SA-HPO) introduces a theoretical

IRE 1716550

paradigm where sustainability is treated as a primary
objective or constraint.

SA-HPO integrates the EIF framework into
optimization processes, ensuring that model
configurations are selected not only for performance
but also for ecological responsibility. For example:

e  Hyperparameters that reduce excessive energy
consumption or cooling requirements may be
prioritized.

e Configurations that minimize hardware stress
can extend GPU lifespan, reducing e-waste.

e Regional constraints, such as limited water
availability or high carbon intensity, can be
embedded into optimization criteria.

Traditional HPO

Objective: Accuracy Only
Ignored: Energy, Carbon,
Water, Hardware, E-Waste

v
SAHPO

Sustainability
Integrated: Energy, Carbon,
Water, Hardware, E-Waste

‘ Objective: Accuracy + ‘

Fig 2: HPO vs. SA-HPO Comparison

By reframing optimization as a multi-objective
problem, SA-HPO encourages researchers to identify
a “sustainability sweet spot” where models achieve
competitive accuracy while significantly lowering
environmental impact. This theoretical approach
aligns AI development with broader goals of
responsible and accountable innovation.

VI. DIMENSIONS OF ACCOUNTABILITY AND
TRANSPARENCY
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This section expands on why current metrics are
insufficient and how the EIF creates a more
responsible Al ecosystem.

6.1 Moving Beyond Efficiency to Responsibility
Traditional metrics like FLOPs-per-Watt focus purely
on computational efficiency. However, efficiency
does not always equate to sustainability; a highly
efficient model trained at a massive scale may still
have a devastating total resource footprint. EIF shifts
the focus to Resource Accountability, requiring
developers to account for the total volume of water,
minerals, and energy consumed.

6.2 The Role of EIF in Corporate and Academic
Governance

The EIF framework can serve as a standardized
reporting tool for:

e Academic Transparency: Ensuring research
publications disclose a model's lifecycle
impact alongside its accuracy scores.

e Policy and Regulation: Providing a
multidimensional metric that governments can
use to set environmental standards for data
centers.

e ESG Reporting: Helping organizations
integrate Al-related resource consumption into
their Environmental, Social, and Governance
(ESG) goals.

VII. STRATEGIC FRAMEWORK FOR SA-HPO

’
T
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Fig 3: System Architecture for EIF Aggregation and
SA-HPO Decision-Making

7.1 Multi-Objective Optimization Philosophy
SA-HPO reframes Al development as a multi-
objective problem rather than a single-track race for
accuracy.  Theoretically, this introduces a
"Sustainability Constraint" where certain
hyperparameter configurations are eliminated if they
exceed a specific environmental threshold, such as
high hardware stress or excessive cooling
requirements.

7.2 The Concept of the "Sustainability Sweet Spot"
There is a theoretical point in the model-tuning
process where additional gains in accuracy require
exponential increases in resource consumption. SA-
HPO aims to identify this "Sweet Spot," guiding
researchers to stop optimization at a point of high
utility and low environmental burden.

VIII. LIFECYCLE CHALLENGES AND
BARRIERS TO ADOPTION

The section addresses the practical hurdles in
implementing Green Al globally.

8.1 Data Opacity in the Supply Chain

A significant theoretical gap in lifecycle assessment
(LCA) is the "Blind Spot" regarding hardware
manufacturing. While energy use is visible, the e-
waste and rare-earth mineral impacts are often hidden
within proprietary supply chains. The EIF advocates
for greater transparency from hardware vendors to
complete the lifecycle picture.

8.2 Regional Sensitivity in Sustainability Metrics
Sustainability is not a "one-size-fits-all" metric. For
example, a model trained in a region with severe
drought should have its Water Footprint weighted
more heavily than one trained in a water-abundant
area. The EIF's theoretical flexibility allows for these
regional weighting coefficients to ensure local
ecological priorities are respected.

CONCLUSION

Current sustainability metrics for Al are insufficient,
often ignoring water and e-waste. We propose the
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Environmental Impact Factor (EIF) as a unified,
multidimensional framework that integrates energy,
carbon, water, hardware degradation, and e-waste
into a single sustainability score. Alongside EIF,
Sustainability-Aware Hyperparameter Optimization
(SA-HPO) encourages balancing accuracy with
ecological responsibility.

Future work should focus on refining normalization
schemes, integrating real-time grid data, and
establishing standardized reporting protocols. By
transitioning Al from a race for accuracy at all costs
to a responsible approach to resource management,
we aim to establish a more sustainable future for
machine learning.
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