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Abstract. Green Computing works on sustainable or environmentally
responsible computing, which helps to improve efficient use of resources while
minimizing environmental impacts. With the rapid changes in artificial
intelligence Al, the Internet of Things, with the increasing demand for energy-
intensive infrastructure has surged, making green computing more important than
ever. Al offers innovative solutions to these challenges in different area of the IT
industry contributes significantly to global electricity consumption and e-waste
generationAl-driven systems can helps in optimize data center cooling, manage
energy loads, predict equipment failures, and enhance hardware lifecycle
management. Machine learning models are gradually more applied to resource
monitoring, reducing power usage, and promoting predictive recycling strategies.
International frameworks such as Energy Star, EPEAT, RoHS, and ISO standards
provide a foundation, but integrating Al into these practices accelerates
efficiency and sustainability. Despite challenges like high costs and limited
awareness, the synergy between Al and green computing paves the way for a
future where technological progress aligns with environmental responsibility.

Keywords: Green Computing, Artificial Intelligence, Sustainable IT, Energy
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1 Introduction

The modern age is defined by digital transformation - an evolution of technology that
has completely changed how we do business through Al, Cloud Computing, Big Data
Analytics, and 10T; these technologies have increased productivity; improved full au-
tomation; increased reliance on data to make decisions across all types of industries,
however, as we build computing infrastructure at a rapid rate, there is a rise in total
energy consumed; total GHG emissions; and total electronic waste (E-Waste) globally;
therefore, it is estimated that data centers alone currently consume nearly 1% of the
Electricity used globally, and according to experts in the field, this could rise with an
increased reliance on Al-based workloads (Anish devasiaJan 12, 2026).

As a result of this rapid growth, Green Computing has become one of the most im-
portant responses to the above issues by providing a structure for designing, operating
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and disposing of computing systems to limit the impact to the environment while main-
taining the technology’s ability to perform and operate at the same level. In essence,
Green Computing includes Energy Efficient Hardware; Optimized Software; Virtual-
ization; Sustainable Data Centre Management; and Responsible E-Waste Practices;
however, even though this has become a growing trend and continues to grow as com-
panies learn and evolve with Green Computing, many Green Computing initiatives re-
main static, rule based and reactive. This has resulted in a lack of effectiveness in a fast
moving and large scale IT environment.

The growth of artificial intelligence creates opportunities to overcome some of these
limitations. Al has the ability to analyze large volumes of complicated data in real time,
and also adjust the way that systems operate to maximize energy efficiency, predict
system failures, and reduce the amount of resources wasted. Although developing and
running Al applications will take an enormous amount of computer power, when Al is
used intelligently, overall system efficiency can be enhanced significantly. But cur-
rently available research is limited to treating the area of "green computing” and that of
the "Al" field as separate areas without a framework of connection that relates to how
Al will benefit in achieving sustainable outcomes from green computing.

This paper seeks to fill this gap through an exploration of how Al can be more inte-
grated into green computing initiatives in a rational and systematic manner. This study's
objectives are threefold:

(1) Identify the major challenges of getting effective green computing technology
adopted.

(2) Analyze the way Al will assist in overcoming those challenges.

(3) Create/develop a conceptual framework that defines Al and relates it directly to
quantifiable outcomes associated with green computing.
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2 Green Computing: Foundations and Challenges

2.1  Concept and Scope of Green Computing

Green computing is also known as sustainable, eco-friendly or environmentally respon-
sible computing and comprises the manufacture, design, operation and disposal of com-
puters and electronic devices in a way that limits their impact on the environment while
maintaining functional performance and economic viability throughout the whole life
cycle of an IT system from extraction of raw materials, hardware production, software
development through deployment, operational use and end-of-life management
(Murugesan, 2008).

During the manufacture and design phase, green computing focuses on using highly
energy-efficient components, minimizing the use of toxic substances and creating mod-
ular architectural systems and recyclable materials. In the operational phase, green
computing emphasizesminimizing electricity consumption through the use of opti-
mized software applications, virtualization and effective power management. During
disposal, green computing focuses on the re-use, refurbishment, recycling and environ-
mentally responsible handling of e-waste to reduce contamination of the environment
by e-waste (Hilty & Aebischer, 2015).

Green computing can reduce electric energy use, reduce greenhouse gases, reduce
toxic waste, increase the durability of hardware, and increase the efficient use of all
resources. These objectives support the global sustainability agenda (i.e., the United
Nations' SDGs), including climate action, responsible consumption, and sustainable in-
frastructure.

Thus, for an organization, green computing is more than a conversation about the
environment; it is a critical part of an organization's economy and strategy. Organiza-
tions that implement and maintain energy-efficient IT infrastructures will benefit from
lower operational costs. Energy-efficient infrastructures have the potential to save com-
panies a considerable amount of money, especially in data center operational costs,
where a large percentage of all operational costs is related to electricity and cooling
costs. Further, green computing practices will improve an organization's CSR and
strengthen its brand image, allowing organizations to meet emerging requirements to
adhere to increasing environmental regulations (Molla et al. 2014).

As digital technologies (such as cloud services, artificial intelligence, and data-in-
tensive applications) evolve quickly and become increasingly important in the eco-
nomic landscape, new digital technologies create a greater demand for the computa-
tional power of organizations. Therefore, by promoting green computing, organizations
will ensure that technology continues to grow without harming or destroying the envi-
ronment.

2.2 Standards and Regulatory Frameworks

The goals of green computing include: reducing power consumption, greenhouse gas
emissions, and hazardous wastes; extending the life of hardware; and optimizing the
efficiency of resource use. These green computing goals are aligned with the larger
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position of the United Nations Sustainable Development Goals' (SDG) for global sus-
tainability, such as SDG for Climate Action, SDG for Responsible Consumption, and
SDG for Sustainable Infrastructure.

Green computing is not solely an environmental initiative; it is also a significant
strategic and economic opportunity for organizations. Through the implementation of
energy-efficient IT infrastructure, organizations can reduce the efficiency (or operating)
costs of their data centers (where electricity and cooling represent a significant portion
of total operating costs). Furthermore, the successful implementation of green compu-
ting initiatives will provide organizations with the opportunity to create a positive rep-
utation as a good corporate citizen (through Corporate Social Responsibility) and com-
ply with current environmental regulations (Molla et al., 2014).

The growth of digital technologies in the economic environment, combined with the
increasing demand for cloud computing, artificial intelligence and data-dependent ap-
plications will result in the continued increase in the pressure of computing on society.
Green computing will play an increasingly important role in helping to ensure that the
growth of technology will support environmental sustainability and not further degrade
the environment.

2.3  Challenges in Green Computing

The environmental benefits of computing continue to face significant obstacles in their
successful and widespread implementation. The following are four of the most notable
challenges associated with the challenge of implementing green computing:

Energy consuming infrastructures.

Data centers, Clouds and Artificial Intelligence workloads consume continuous
power for compute/storage/cooling, and this requires high amounts of energy. In par-
ticular, High-performance Computing (HPC) and Deep Learning Training (DLT) are
some of the most energy-intensive workloads and frequently cancel out the benefits of
energy-efficient hardware (Strubell et al., 2019).
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The collection of electronic waste (e-waste).

Rapid technology development results in a greater number of devices being intro-
duced to the market every day. Consequently, the quantities of e-waste generated by
improper disposal release harmful chemicals/compounds into the environment, as well
as the loss of highly valuable materials, such as rare earth metals (Baldé et al., 2020).

Standardized sustainability metrics.

There is no globally recognized standard for measuring and comparing the environ-
mental sustainability of IT. Sustainability metrics include items, such as energy con-
sumption, carbon footprint and lifecycle emissions; but due to inconsistent calculation
methods for these metrics, benchmarking and evaluating policies becomes difficult
(Hilty & Aebischer, 2015).

The cost of investment in Green Technology.

The high upfront cost associated with the implementation of greener technology such
as energy efficient servers, state-of-the-art cooling systems, and renewable energy-gen-
erated energy. Uncertainty about the return on investment and long-term savings is one
reason that many companies are hesitant to invest in these technologies. Additionally,
there is a lack of knowledge and training among IT professionals and others making
decisions about the design of sustainable systems and the development of Green Soft-
ware Engineering. When deciding on the best approach for procurement and develop-
ment, sustainable considerations are often considered secondary to performance and
cost. As a result, these sustainable considerations are frequently not adequately ad-
dressed.

Similarly, many areas lack decent policies and enforcement mechanisms to enforce
the laws governing the environment, including Environmental Regulations Applicable
to IT Infrastructure. Because there are no strong incentives or penalties for adopting
green computing, there is little motivation for the adoption of these practices by organ-
izations.

The aforementioned obstacles illustrate the need for intelligent, adaptive, and scala-
ble solutions capable of dynamically optimizing energy usage, predicting and eliminat-
ing inefficiencies, and supporting data-driven decisions on sustainability. Artificial In-
telligence (Al) offers a wide variety of ways for organizations to solve these problems,
including making it easier for them to maximize the efficiency of their resources and
decrease the amount of waste and CO2 they produce at the time of resource allocation.

3 Role of Artificial Intelligence in Green Computing

In the realm of green computing, Al has emerged as an essential and defining force,
bringing intelligence, automating, and adding a degree of adaptability to existing, tra-
ditionally static IT systems. Historically, the majority of approaches to green computing
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has relied heavily on predefined rules, by human intervention and manual monitoring,
and established performance benchmarks for the businesses to comply with; therefore,
the complexity and scale of the large scale deployments in today's computing infra-
structures cannot be managed adequately through these conventional means alone. Al-
equipped systems have the ability to gather data through continuous operational learn-
ing in real-time, identify operational inefficiencies and dynamically optimize resource
utilization.

The role of Al in green computing can be viewed in three main categories that are
interrelated: 1) Operational optimization of a computing infrastructure; 2) Development
of energy-efficient Al algorithms and models; 3) Intelligent, carbon-aware resource and
scheduling management. By utilizing these three categories, organizations can move
away from reactive sustainability measures and approaches; they can take advantage of
a proactive and data-driven approach to green computing.

3.1 Al for Operational Optimization

The most significant impact of using Artificial Intelligence in the field of Green Com-
puting lies within the operational optimization of large datacenter facilities and large
grid scale computing infrastructures (Such as Cloud Computing). Datacenters are one
of the highest consumers of electrical energy in the Digital Age, consuming the most
electrical energy for computing, storing, and cooling their systems. Cooling systems of
both traditional and modern Datacenters typically are based on a predetermined/static
threshold for temperature, humidity, etc. This method of operation creates excess cool-
ing energy requirements and wastes energy.

Al has created new opportunities to improve cooling energy consumption through
the development of machine learning strategy’s that can analyze real-time telemetry,
including; server workload, server temperature gradient, airflow and PUE (Power Us-
age Effectiveness) data to facilitate the dynamic adjustment of cooling system, cool
system and fan speeds, as well as the distribution of workloads across multiple servers
within the datacenter infrastructure. Through a series of research studies using Al as
the basis for cooling optimization, it has been shown that the incorporation of Al to
optimize cooling will lead to a significant reduction in the amount of energy used for
cooling without decreasing the reliability of the system.

In addition to cooling optimization, Al also improves Intelligent Workload Manage-
ment and Intelligent Resource Allocation within datacenters. By forecasting the work-
load demand on a datacenter, Al will enable a datacenter to consolidate workloads, take
down any idle servers and balance loads across multiple servers (distributed architec-
ture) and associated resources. This ultimately reduces unnecessary power consump-
tion and increases the overall operational efficiency of the datacenter.

Predictive Maintenance is the second largest Al-based optimization application and
is achieved because Al utilizes Machine Learning on Historical Failure data, Sensor
Readings, and Operational logs to identify early warning signs of deterioration in phys-
ical assets. Predictive maintenance is based on the identification of deterioration and
allows for prescriptive maintenance and the minimization of unplanned shutdowns; in-
creasing the lifespan of hardware, which reduces electronic waste; the lowering of
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maintenance costs and improving the reliability of the system ultimately can contribute
to an environmentally friendly and economically viable solution.

3.2  Energy-Efficient Al Models and Algorithms

In addition to optimizing the infrastructure with Artificial Intelligence, it is equally im-
portant to address and reduce energy footprint of the Artificial Intelligence Models.
Developing and deploying large-scale AI Models, especially Deep Learning Models
uses extensive computational resources and consumes a considerable amount of energy.
Therefore, the concept of "Green AI" has started to gain interest because it encourages
the creation of Energy-Efficient Algorithms and Models.

Many Algorithms and Ideas can help create greener Al. For example, Model Pruning
is an approach that removes Redundant/Older Parameters from Neural Networks to
help decrease Model Size and Computational Complexity. Quantizing a Model allows
it to work with Less Memory and Power (e.g. Less Numerical Precision). Knowledge
Distillation helps Transfer Knowledge from Large/Complicated Models to Smaller and
More Efficient Models that have an insignificant impact on Accuracy. All these Meth-
ods together reduce the amount of Energy used during Inference and Deployment.En-
ergy-Efficient Al Models are especially critical in Edge Computing, as Edge Devices
are generally limited on Power and Resource Availability. By Using Optimized Models
in Edge Devices, It eliminates the need for Continuous and Expensive data Transfers
to Centralized Cloud Servers and reduces both the Latency and Network Energy Usage
associated with this process.

Energy-aware AutoML and NAS frameworks also consider sustainable goals when
constructing their models. By including sustainable objectives like environmental im-
pact, latency time, energy use and hardware limitations in addition to traditional accu-
racy goals, the Al models built using these multi-objective optimization methods will
provide an optimal combination of performance and environmental stewardship. As
such they facilitate large-scale sustainable deployment of Al applications.

3.3 Carbon-Aware Scheduling and Intelligent Resource Management

The use of Al in green computing to develop carbon-aware computing that optimizes
the reduction of carbon emissions as opposed to just focusing on reducing energy con-
sumption.

Various types of battery storage systems and renewable energy (including, but not
limited to, solar, wind, and geothermal) are available to support the provision of renew-
able energy in an efficient manner and at a low cost. Al can assist in determining when
and where to use these various energy sources to reduce the effects of energy generation
and usage on the environment.

By collecting and analyzing real-time information about electricity grids, carbon in-
tensity forecasts, and the characteristics of workloads, carbon-aware schedulers can uti-
lize Al to drive their decision-making processes. They can then schedule workloads to
run during times or locations where they are likely to generate the least amount of car-
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bon emissions. This also allows for non-urgently needed workloads (e.g., batch pro-
cessing or model training) to be run during periods of high availability of renewable
energy, or in the case of cloud computing, at facilities powered by clean energy.

Cloud environments, because of the highly dispersed and flexible nature of their
workloads, should take full advantage of carbon-aware scheduling to leverage the use
of Al to enable intelligent decision-making across distributed resources, while optimiz-
ing performance, cost, and environmental impact. Through this form of decision-mak-
ing process, sustainable practices may evolve from merely being enforced as a static
policy requirement to a continuous optimization process using data.

4 Conceptual Framework for AI-Driven Green Computing

The primary goal of this document is to create a structure that enables the systematic
incorporation of Al as part of Green IT practices through the provision of a conceptual
framework that utilizes three distinct levels of integration between Al-based methods
and Green Computing Mechanisms and defined Sustainable Performance Indicators
(SPIs). The theoretical basis for the three levels of integration of Al and green compu-
ting is built around Green IT concepts, which include adaptive responses to changing
workloads, environmental factors such as temperature, humidity, solar radiation, etc.,
and infrastructure constraints such as power and cooling capacity. Furthermore, this
document will establish clear connections between Al-based methods and established
EPI's in order to provide both theoretical guidance for developing sustainable IT infra-
structures and practical means for implementing them.

4.1 Al Layer

Al methods represent the first tier of the framework, allowing learning, predicting
and optimizing in computer systems. The Al layer consists of methods such as ML
(Machine Learning), DL (Deep Learning), RL (Reinforcement Learning), and Optimi-
zation Algorithm Technologies.ML works with historical and live operational data and
recognizes patterns in energy consumption, workloads and inefficiencies. DL aids ML
by providing the ability to manage large dimensional datasets, which are created by
modern day data centers, capturing Temperature Profiles, Network Traffic Volumes
and Hardware Performance Indicators, etc. RL can be used within the framework to
assist in making adaptive decisions when controlling a cooling process or a load sched-
ule that continually learn the optimal way to control cooling and load-scheduling pro-
cesses. Optimization Algorithms measure the impact of trade-offs customers need to
make between performance, energy and costs to allow for more efficient use of com-
puters.The combination of all of these Al technologies will provide you with an intel-
ligence underlying the framework, allowing the continual monitoring, learning and en-
hancing of green computing.
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4.2  Green Computing Mechanisms

There are three different types of mechanisms that a company can use to reduce
energy consumption and resource utilization. An intelligent cooling system, for exam-
ple, uses Al models to provide regulated airflow and cooling intensity while also effec-
tively managing temperatures and keeping any electronics safely operating. Energy-
aware scheduling allows businesses to efficiently assign workloads based on predicted
energy needs, environmental conditions, and system rankings to prevent over-provi-
sioning and wasted resources. Predictive maintenance leverages the ability of Al to
detect early signs of hardware failure and allows for timely maintenance, thus extending
the useful life of the hardware.

Efficient software design, for example, optimizes the execution of code, memory
allocation and processing power, thereby minimizing the amount of power consumed
while the application is running. Lifecycle Optimization considers sustainability in all
stages of product ownership-from Procurement through Deployment, Use, and End-of-
Life-and minimizes the negative impacts of the product on the environment.

These mechanisms put Al intelligence into action by providing the means to turn
abstract optimization capabilities into actual practices that enhance sustainability.

4.3  Sustainability Outcomes

The measurable sustainability outcomes resulting from Al techniques and green
computing processes are represented in this layer. The three most important results in-
clude reduced power consumption, reduced carbon emissions, increased computer
hardware life span, and reduced electronic waste and operational costs.

Energy efficiency is often evaluated through Power Utilization Effectiveness (PUE)
as a means of measuring the energy efficiency of data center facilities, carbon emissions
are measured by carbon intensities (the amount of carbon generated by the means used
to create the electricity consumed), and lifecycle sustainability is measured by the
lifecycle energy used to create and the materials removed from the environment.

The links between these metrics and the Al techniques provide organizations with
tools to measure their sustainability outcomes against the three objectives, allowing for
comparisons and the ability to make data-driven decisions regarding the sustainability
of their organizations.

4.4  Significance of the Framework

The proposed framework offers many benefits. First, it provides a mechanism for
establishing a direct cause and effect between the use of artificial intelligence (Al) tech-
niques and achieving sustainable outcomes which is a vital missing piece in the current
literature. Second, it is both scalable and flexible allowing organizations to adopt the
framework in various environments such as cloud, edge, and hybrid systems. Lastly, it
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provides a platform for benchmarking and achieving policy compliance, thus facilitat-
ing the integration of Al-supported sustainable green computing strategies into organi-
zational regulatory compliance and sustainability objectives.

As such, this conceptual model/framework represents an organized and extensible
means of exploiting Al to create value in the areas of environmental and economic
sustainability of information technology systems.

Developing nations are confronted with unique hurdles in their effort to implement
green computing practices. Due to under-developed digital infrastructures, lack of fi-
nancial resources, insufficiently trained personnel, and ineffective law enforcement/su-
pervision of regulating bodies, many developing countries are unable or unwilling to
take the necessary steps to implement sustainable solutions when it comes to using
electronic resources.

Artificial intelligence layer
e  Machine learning
e Deep learning
e Reinforcement learning
e  Optimization algorithm

l Evaluation metrics

Green computing mechanism Power usage effective-

e Intelligent Cooling Iéesi . .
aroon 1ntensity

e  Energy aware scheduling > Life cycle energy con-

e Predictive maintenance

sumption
e Efficient software design 7'y
e Life cycle optimization
Sustainability Outcomes
e Reduced energy outcomes
e Lower carbon emissions <

e Extended hardware span
e Reduced E-waste
e  Operational cost savings

Fig. 3. Conceptual Framework for AI-Driven Green Computing
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5 Implications for Developing Economies

There has been a rapid increase in ICT (information and communication technol-
ogy), cloud services, and Al; all of which have significantly increased the amount of
energy they require to operate and create a much larger carbon footprint compared to
the past. As a result, green computing practices will be necessary not only for environ-
mental reasons, but for economic viability as well. The most significant barrier for de-
veloping nations is the very high energy utilization of digital infrastructures, particu-
larly in regard to data centre and artificial intelligence workloads. The presence of un-
stable power supply and poor thermal/dissipative capabilities in many parts of devel-
oping nations creates challenges related to operational inefficiency. Al applications
such as intelligent workload management and energy modeling can significantly reduce
waste and improve resiliency. Furthermore, this technology allows for real-time adap-
tation to changing customer demands and environmental conditions, therefore it can
provide a viable option for resource-poor locations.

A lack of awareness and technical capacity in selecting sustainable it design is an-
other obstacle for it professionals, as they have limited exposure to the principles of
green computing and the application of energy-efficient Al models. By integrating sus-
tainability into technical training programs and utilizing Al-supported decision-making
tools, targeted training initiatives can help address this skills gap by providing simpli-
fied evaluation and optimization methodologies for sustainable design (Baccarelli et
al., 2020).

Governance and policy play a vital role in achieving sustainable design through Al.
Implementation of internationally recognized standards (like ISO 14001, ISO 50001)
by developing economies varies widely, therefore the adoption rate can be improved
using government benefits through providing financial incentives, subsidies, and man-
datory sustainability reporting requirements, as well as developing partnerships be-
tween public and private sector organizations which can result in increased sharing of
resources and knowledge (United Nations, 2021).

Thus, Al-supported green computing provides developing economies with an oppor-
tunity to implement sustainable digital solutions and leapfrog over existing failures to
implement sustainable technology. Through continued government, capacity building,
and cloud-based Al support, green computing can provide economic/environmental
sustainability, reduce the cost of doing business, and hopefully create long-term digital
growth.

6 Conclusion

Rapid increases in digital technology, along with a growing concern for the environ-
ment, have caused green computing to become imperative. The increasing number of
data centers, reliance on cloud services, & the ever-increasing use of Al to process
workloads, & subsequent rise in energy consumption & environmental impact (carbon



258 K. Kadukar et al.

footprint), have created demand for green computing solutions that provide sustainable
& intelligent methods of computing & saving energy.

Through the use of Al, green computing can be enhanced through the use of real-
time optimizations, predictive maintenance, energy-efficient design, and carbon-aware
decision-making. By mapping how Al techniques can be mapped to how green compu-
ting mechanisms work and linking them back to measurable sustainability outcomes,
the proposed conceptual framework is a scalable, systematic approach to implementing
sustainable IT systems that will allow organizations to be as energy efficient as possible
while achieving their major environmental goals, including less energy consumed, re-
duced carbon emissions, longer hardware life and minimized electronic waste.

Al and green computing can be integrated in a practical and effective manner to
combine innovation in technology with responsibility for the environment. Future re-
search should validate empirical data supporting Al-driven models of sustainability;
develop standards to provide consistent measurements of sustainability; and identify
policies & governance structures to facilitate widespread adoption of Al-enabled green
computing. Together, researchers, industries and policymakers can work together to
implement Al-enabled green computing for building efficient and resilient systems.

References

1. Anish devasia(Jan 12, 2026). Data Center Energy Consumption Statistics & Data.
(2026). In Data Center Energy Consumption Statistics & Data (Jan 12, 2026). Retrieved
from https://thenetworkinstallers.com/blog/data-center-energy-consumption-statistics/

2. Power Consumption of Data Centers. (2025, October 27). In Power Consumption of Data
Centers. Retrieved from https://incorrys.com/data-centers/power-consumption-of-data-
centers

3. Baldé, C. P, Forti, V., Gray, V., Kuehr, R., & Stegmann, P. (2020). The Global E-waste
Monitor 2020. United Nations University.

4.  Kramar, O. (2016). Regulation of hazardous substances in electrical and electronic equip-
ment in Europe: Manufacturer’s perspective [Bachelor’s thesis, Metropolia University of
Applied Sciences]. https://urn.fi/URN:NBN:fi:amk-2016052710410

5. Ciocoiu, C. N, Colesca, S. E., Rudareanu, C., & Popescu, M.-L. (2016). Management of
waste electrical and electronic equipment in Romania: A mini-review. Waste Manage-
ment & Research, 34(2), 96-106. https://doi.org/10.1177/0734242X15615422.

6.  Yuan, L., Nain, P., Kothari, M., & Anctil, A. (2024). Material intensity and carbon foot-
print of crystalline silicon module assembly over time. Solar Energy, 269, Article 112336.
https://doi.org/10.1016/j.solener.2024.112336

7. Hilty, L. M., & Aebischer, B. (2015). ICT for sustainability: An emerging research field.
Environmental Modelling &  Sofiware, 56, 1-7. https://doi.org/10.1016/j.en-
vsoft.2013.07.013

8. Marimon, F., &Casadesus, M. (2017). Reasons to adopt ISO 50001 energy management
system. Sustainability, 9(10), 1740. https://doi.org/10.3390/su9101740

9.  Bravi, L., Santos, G., Pagano, A., & Murmura, F. (2020). Environmental management sys-
tem according to 1SO 14001:2015 as a driver to sustainable development. Corporate So-
cial Responsibility and Environmental Management. https://doi.org/10.1002/csr.1985

10. Molla, A., Abareshi, A., Cooper, V., &Pittayachawan, S. (2014). Green IT beliefs and pro-
organizational behavior. Information & Management, 51(5), 581-595.


https://thenetworkinstallers.com/blog/data-center-energy-consumption-statistics/?utm_source=chatgpt.com
https://incorrys.com/data-centers/power-consumption-of-data-centers/?utm_source=chatgpt.com
https://incorrys.com/data-centers/power-consumption-of-data-centers/?utm_source=chatgpt.com
https://urn.fi/URN:NBN:fi:amk-2016052710410
https://doi.org/10.1177/0734242X15615422
https://doi.org/10.1016/j.solener.2024.112336
https://doi.org/10.3390/su9101740
https://doi.org/10.1002/csr.1985

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Integrating Artificial Intelligence in Green Computing: A Path ... 259

Murugesan, S. (2008). Harnessing green IT: Principles and practices. /[EEE IT Profes-
sional, 10(1), 24-33. https://doi.org/10.1109/MITP.2008.10

Strubell, E., Ganesh, A., & McCallum, A. (2019). Energy and policy considerations for
deep learning in NLP. Proceedings of ACL, 3645-3650.

chwartz, E. K., &Krarti, M. (Year). Review of adoption status of sustainable energy tech-
nologies in the U.S. residential building sector. Journal Name, Volume(Issue), page—page.
https://doi.org/xxxxx

Amodei, D., Hernandez, D., Sastry, G., Clark, J., Brockman, G., &Sutskever, 1. (2018). AL
and compute. OpenAI Technical Report.

Brown, T. B., et al. (2020). Language models are few-shot learners. Advances in Neural
Information Processing Systems, 33, 1877-1901.

Henderson, P., Hu, J., Romoff, J., Brunskill, E., Jurafsky, D., & Pineau, J. (2020). Towards
the systematic reporting of the energy and carbon footprints of machine learning. Journal
of Machine Learning Research, 21(248), 1-43.

Amani, M., Mohseni, F., Layegh, N. F., Nazari, M. E., Fatolazadeh, F., Salehi, A., Ahmadi,
S. A., Ebrahimy, H., Ghorbanian, A., Jin, S., Mahdavi, S., & Moghimi, A. (2022). Remote
sensing systems for ocean: A review (Part 2: active systems). IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 15, 1421-1453.
https://doi.org/10.1109/JSTARS.2022.3141980

You, Y., et al. (2020). Large batch optimization for deep learning: Training BERT in 76
minutes. /ICLR Proceedings.

Baccarelli, E., Naranjo, P. G. V., Scarpiniti, M., Shojafar, M., &Abawajy, J. H. (2020). Fog
of everything: Energy-efficient networked computing architectures, research challenges,
and a case study. IEEE Access, S, 141253-141273.
https://doi.org/10.1109/ACCESS.2020.3013098

Masanet, E., Shehabi, A., Lei, N., Smith, S., &Koomey, J. (2020). Recalibrating global
data center energy-use estimates. Science, 367(6481), 984-986.
https://doi.org/10.1126/science.aba3758

Aljowkam, A., & Al Mubarak, M. (2025). Sustainability through digital technologies: Ex-
ploring technological potential in support of United Nations Sustainable Development
Goals. In Innovative and Intelligent Digital Technologies: Towards an Increased Effi-
ciency (pp. 543-560). Springer Cham. https://doi.org/10.1007/978-3-031-71649-2


https://doi.org/10.1109/MITP.2008.10
https://doi.org/xxxxx
https://doi.org/10.1126/science.aba3758

260 K. Kadukar et al.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Integrating Artificial Intelligence in Green Computing: APath Towards Sustainable IT



