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Abstract

The exponential growth of the Artificial Intelligence (Al) and Machine
Learning (ML) models has led to tremendous scaling in costs of
computational work, energy, and carbon emissions, thus becoming a major
concern in ensuing of the environmental sustainability of contemporary Al
systems. The classical methods, prevalent as Red Al, considers result-
oriented factors such as accuracy and scalability but fails to maintain their
resource efficiency. Green Al, on the other hand, addresses this problem by
designing, constructing and implementing Al systems which are
environment-friendly and energy-saving.

This paper includes a systematic review of the Green Al techniques, which
analyzes the methods to reduce the cost of computation without adversely
affecting the performance of the model. Our attention is drawn to strategies
such as model compression (pruning, quantization, knowledge distillation),
energy-constrained neural architecture search (NAS), smarter training
tricks, and the application of low-power hardware accelerators. We also
quantify other things such as energy use, training duration, carbon footprint,
as well as the normal accuracy values, challenging towards a multi-
objective optimization method.

We also swamp into the trade-offs between model accuracy and resource
consumption, highlighting why it is so important when we report

computational costs to be transparent and reproducible. Besides, we discuss environment-friendly data practices and
cloud optimization strategies, which can be used to minimize environmental footprint.

All in all, this piece contributes to the relationship of responsible Al by suggesting a framework, which combines
efficiency, scalability, and sustainability. We hope that it will make researchers, practitioners, and students like us

embrace Green Al principles so that technology development can align with the global-sustainability objectives.
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Introduction

Artificial intelligence technology has revolutionized in various sectors like healthcare, transport, banking, education,
and logistics through evidence-based reasoning and automation. Nevertheless, the rapid expansion of artificial
intelligence models, especially deep learning models, has caused increased computational needs. High-performance
models need vast amounts of hardware infrastructure, causing huge energy usage and environmental pollution.

Several recent investigations have noted that advanced AI models significantly increase global carbon footprints
because of their reliance on energy-demanding data centers (Strubell et al., 2019; Patterson et al., 2021). With digital
transformation progressing at an alarming rate, the environmental impact of Al grows exponentially, necessitating
new, sustainable solutions (International Energy Agency, 2023). This problem has given birth to the notion of Green
Artificial Intelligence, which emphasizes energy efficiency, environmental friendliness, and sustainable resource
management (Schwartz et al., 2020).

Green Al entails developing models that perform optimally, using minimal computation power. Energy efficiency,
optimal data usage, and green hardware are among the most common features of Green Al models. Integrating
sustainability into artificial intelligence development has made it possible to combine innovation and environmental
protection in line with international sustainability goals, including the United Nations Sustainable Development Goals
(SDGs).

This study seeks to examine Green Al technology principles, methods, and applications while focusing on its potential
to promote sustainability in the digital age.

Research Gap

Despite all the progress made in artificial intelligence, there still appears to be a gap when it comes to sustainability
(Wu et al., 2022; Gupta et al., 2022). These are some of the gaps that exist:

¢ Al development has been centered on efficiency and accuracy rather than sustainable development.

e Most papers rarely consider calculating the carbon footprint of their models (Henderson et al., 2020).

o There are no established methods for building and testing sustainable Al systems (Lacoste et al., 2019).
e Some solutions do not address the energy costs required by Al during training and deployment.

e Renewable energy sources are rarely incorporated into Al-based data centers (Patterson et al., 2021).

e The importance of carbon-aware computing principles has not been emphasized much (Google, 2023).
e Few comparisons have been conducted between conventional Al and Green Al (Kaack et al., 2022).

¢ Environmental sciences have not been considered alongside artificial intelligence(Rolnick et al., 2019).
Filling these gaps is critical to sustainable technological development.

Research Objectives

The specific goals of this research project include:

o To assess the amount of energy used by traditional Al models and their impact on the environment (Strubell et al.,
2019).

¢ To understand the concept of Green Al and what it means to use Green principles (Schwartz et al., 2020).
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¢ To identify energy-efficient algorithms and sustainable practices in Al development (Dao et al., 2022).
e To develop a framework for implementing Green Al solutions.
e To compare the energy efficiency and emissions of traditional Al models and Green Al (Patterson et al., 2021).

e To determine the impact of renewable energy sources and optimized hardware on sustainability in computing
(Microsoft, 2022; IBM, 2023).

e To provide recommendations for reducing the carbon footprint of Al technologies.

4. Literature Review

Al's rapid growth has resulted in unprecedented advances in all industries, but also raises issues around energy usage
and sustainability (Kaack et al., 2022). As Al models become more complex and scaled up, so do their computational
needs, and therefore so will their carbon emissions (Strubell et al., 2019). Consequently, the notion of Green Al or
environmentally responsible Al development that focuses on energy efficient Al systems has emerged. In 2020,
Schwartz et al formally articulated the concept of Green Al by calling for researchers to change research priorities
from simply improving accuracy to optimizing computational efficiency and reducing the environmental impact of Al
systems (Schwartz et al., 2020). Their paper emphasized the need to include information regarding the cost, energy
use, and carbon footprint of Al models, in addition to the traditional performance measures. Strubell et al's (2019)
work similarly provided insight into the large carbon emissions associated with training large-scale natural language
processing models, which has brought attention to the ecological concerns surrounding the use of deep learning.

Patterson et al (2021) demonstrated that using optimization techniques (hardware and cloud infrastructure) with
renewable energy can significantly decrease the carbon footprint of Al systems as well. Additionally, Henderson et al.
(2020) proposed standardized methods for how to measure and report the environmental impact of machine learning
models, which would promote transparency and accountability in Al development.

Studies show that optimizing algorithms, reducing the computational complexity of Al algorithms can significantly
reduce the amount of energy needed for operation while maintaining acceptable performance levels (Dao et al., 2022).
Methods such as model pruning, quantization, and knowledge distillation have been effective in creating lightweight
versions of Al systems that are deployable by companies with high levels of accuracy while using significantly less
energy (Chen et al., 2016). Federated learning and edge computing further reduce energy consumption by minimizing
data transfer (Wu et al., 2022). These advancements collectively contribute to sustainable Al development.

5. System Overview
5.1 Proposed Green Al Framework

The proposed Green Al architecture integrates sustainability across all stages of Al development.
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Fig. 1: Proposed Architecture of the Green Artificial Intelligence Framework.
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Fig. 1. Proposed Multi-Layer Architecture for a Green AI Framework

Figure 1 shows a framework of a multi-layer architecture that can provide Green Al and is sustainable through the use
of optimization techniques, energy efficiency in computing, and integrating renewable sources of energy throughout
the Al lifecycle.

5.2 Mathematical representations

(i) Performance Optimization Function
P=f(AE,C)

Where:

¢ PPP = Performance

e AAA = Accuracy

¢ EEE = Energy Efficiency
e CCC = Computational Cost

(ii) Carbon Emission Estimation
COs=FE x(CI

Where:
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e CO2CO _2CO02 = Carbon Emissions
¢ EEE = Energy Consumption
o CICICI = Carbon Intensity

(iii) Green Efficiency Metric

GE =

b | e

6. Methodology

The methodology is qualitative and analytical based upon secondary sources of data.
6.1 Data Sources

IEEE, Springer, Elsevier, and ACM Digital Library, Reports from the United Nations and the International Energy
Agency, and Industry Case Studies, such as Google, Microsoft, and IBM.

6.2 Tools and Techniques

Python, TensorFlow, Scikit-learn, Google Colab, CodeCarbon, and MLCO2 Impact, Green Algorithms Framework.
7.1 Comparative Analysis of Green Al and Traditional Al

The research indicates that Green Artificial Intelligence (Green AI) provides significantly improved levels of
sustainability, while at the same time maintaining comparable or better performances than conventional Al systems
(Wu et al., 2022). Traditional Al models require large volumes of computational resources, resulting in high levels of
energy consumption and significant amounts of CO2 emissions (Strubell et al., 2019). These impacts lead to the high
costs associated with operating traditional Al systems, as well as the large environmental footprints associated with
using them. In contrast to traditional Al, Green Al uses energy-efficient algorithms, optimized model architectures and
environmentally responsible computing practices to minimize the resources they consume (Schwartz et al., 2020). This
results in the elimination or substantial reduction of energy consumption and carbon emissions associated with the
production of Green Al technologies.

In addition, traditional Al systems typically require costly computational infrastructure due to their reliance on
processing large data sets and high-performance hardware. Green Al overcomes this challenge by using several
techniques (model pruning, quantization, knowledge distillation and carbon-aware scheduling) to achieve greater
computational efficiency and reduce costs (Dao et al., 2022). Therefore, Green Al is a viable alternative that balances
performance and sustainability. In terms of overall computational efficiency, conventional Al exhibits fairly moderate
amounts of optimization; whereas Green Al exhibits higher levels of efficiency through resource-aware design and
intelligent workload management.

Traditional Al also creates considerable amounts of environmental challenges because of its reliance on energy-
intensive data centres, many of which depend on non-renewable energy sources. In contrast, Green Al encourages
sustainability in its operations through the use of renewable energy, green cloud services, and energy-efficient
hardware (Microsoft, 2022; IBM, 2023). Sustainable practices significantly decrease environmental impacts and assist
in reaching global goals for sustainability. For example, Green Al typically uses less energy than traditional Al systems
and therefore requires fewer resources and has a higher degree of scalability. Through lightweight models, edge
computing and distributed architectures, Green Al achieves optimized levels of scalability. Overall, the comparison
between Green Al and traditional Al indicates that Green Al provides a balanced solution to meet the performance,
cost, efficiency and sustainability needs of the future for responsible Al development.
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7.2 Key Findings:

e Computational costs can be decreased greatly by optimized models.

¢ Using renewable energy can help to reduce carbon emissions (Patterson et al., 2021).

¢ As a form of distributed computing, edge computing can increase efficiency by reducing latency.
e Carbon-aware computing encourages smart, sustainable use of artificial intelligence in the future (Google, 2023).
8. Green Al Applications

e Healthcare: Energy-efficient diagnostic tools (Microsoft, 2022).

o Smart Cities: Intelligent energy and traffic management systems (European Commission, 2020).
e Agricultural: Precision farming and climate tracking systems (Rolnick et al., 2019).

¢ Financial: Sustainable methods for detecting fraud.

e Transportation: Decrease emissions and optimized routes.

¢ Environmental Monitoring: Climate change research.

e Education: Sustainable electronic educational platforms (UNESCO, 2021).

9. Challenges and Limitations

¢ High initial implementation costs (Gupta et al., 2022).

¢ Abundant amount of non-standardized sustainability metrics.

e Limited awareness and knowledge of Green Al technologies.

e Difficulty balancing accuracy and efficiency (Schwartz et al., 2020).

e Reliance on a renewable energy source for infrastructure/platform operations.

e Privacy and security issues associated with federated learning.

10. Conclusion and Future Scope

Green Artificial Intelligence is greatly important to support and develop the technological advances of tomorrow in a
more sustainable way (Schwartz et al., 2020). This can be done through the use of energy-efficient algorithms, energy-
optimized hardware, and renewable energy resources which will help reduce the overall environmental impact of the
technology while achieving optimal levels of performance (Patterson et al., 2021).

Future Directions for Green Al are:

e A standardized Green Al benchmarking system.

e Carbon neutral Al infrastructure.

e [ntegration of quantum and neuromorphic computing resources into Green Al
e Government policy development for promoting sustainable Al

e Development of energy-efficient Al chips.

¢ Expansion of carbon-conscious cloud computing.

Green Al is the backbone for future high-tech innovations that are responsible and that support a balance between
© 2026 The . Published by . Website: https://ijcope.org/ 6
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technological advancement and environmental sustainability.
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