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ARTICLE INFO ABSTRACT

Received: 03 Dec 2025  Green cloud computing is a paradigm change in the management of the infrastructure
of large institutions in the field of the private cloud, which incorporates the principles
of sustainability into the architecture, management of operations, and the lifecycle of
hardware. The shift to being environmentally-friendly cloud computing covers various
technical areas such as virtualization, serverless computing, geographical load
balancing, and tiered storage solutions that, when combined, result in the exploitation
of resources, minimization of energy consumption. Carbon-conscious workload
scheduling matches the tasks in computational workloads to the availability of
renewable energy by using highly advanced algorithms that ensure that performance
objectives are met with minimum impact on the environment. Adopting renewable
energy sources would require special scheduling and feedback control solutions that
would ensure a variable power supply without affecting the quality of services provided.
The lifecycle management of hardware is not limited to procurement but strategic
repurposing, component-level maintenance, and sophisticated monitoring solutions
that would allow organizations to maximize the operational capacity as well as
environmental impact of infrastructure lifecycles. With the joint application of these
technical strategies, it becomes possible to have sustainable private cloud architectures
in which performance, reliability, cost, and environmental factors are considered.
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1. Introduction

The radical growth of cloud computing has transformed digital environments and posed tremendous
environmental problems. Even without considering another factor, artificial intelligence workloads are
expected to increase data center power requirements up to 160 percent in the next decade. At present,
data centers are about 1 percent of all spending on electricity worldwide, with the specific demands of
AT as the most significant factor in its growth. This expansion is in a backdrop where more than half of
the data center infrastructure in existence currently faces the challenge of energy inefficiency problems
and huge carbon footprints that are only going to increase as the computational needs continue to rise

[1].

Sustainability of the environment has become not only a luxury but an important business requirement
in the enterprise technology strategy. Studies have shown that companies that have put in place holistic
sustainability models in cloud service environments realize significant efficiency gains. Multiple sectors
analysis shows that energy usage can be cut by up to 31 percent, and the hardware lifecycle increased by
2.7 years on average through properly optimized architectures. These enhancements are reflected in
cost of operation savings, and the most successful implementations have shown improvement of total
cost of ownership by 18-23 percent over a five-year deployment period [2].

The green cloud computing adoption is highly diverse between industries, with health and financial

service sectors exhibiting more established adoption compared to the retail or manufacturing industry.
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About 65 percent of major organizations have set official sustainability goals for their technology
operations, but only a third have created a detailed measurement framework to monitor the process.
Organizations that take on progressive improvements have shown significant gains in their major
metrics, such as average server utilization rates well over 60 percent as opposed to industry averages of
15-20 percent with traditional deployments [2].

The building of sustainable private clouds requires holistic thinking in various technical areas. This
problem necessitates a basic re-thinking of cloud resource design, deployment, management, and
eventual decommissioning. Most major technical frameworks currently include carbon impact
evaluation with conventional performance indicators, giving architects a chance to make wise choices
that maximize both environmental and operational outcomes over the span of the infrastructure
lifecycle [1].

II. Sustainable Private Cloud Architecture Design

The implementation of sustainable cloud architecture presupposes a radical change in the approach to
the traditional design principles in favor of the frameworks inherently appreciating the energy efficiency
metrics, as well as the performance measures. The Sustainable-by-design approach involves considering
the issue of environmental impact during architectural planning. This is a change of the traditional
models, whereby raw performance and availability were deemed to be the most important factors. The
sustainable-by-design principle focuses on four important aspects, which include: energyefficient
hardware choice, workload optimization, smart cooling, and integration of renewable energy. This
complete system has managed to meet the exponentially increasing energy requirements of large
language models and additional computationally byzantine workloads in Al infrastructure [3].

A practical implementation of sustainable-by-design principles can be observed in a European financial
institution that redesigned their private cloud infrastructure in 2023. By implementing energy-efficient
AMD EPYC 9004 series processors with configurable TDP settings, the organization reduced server
energy consumption by 34% while increasing computational density by 28%. Their architectural review
process incorporated a "carbon score" alongside traditional performance metrics, with each deployment
requiring energy modeling projections before approval. The institution's architectural patterns library
now includes specific configurations optimized for different workload profiles, with GPU clusters
configured with dynamic power capping that adjusts based on workload priority and renewable energy
availability [3].

Resource optimization of sustainable cloud architectures is based on virtualization technology and
geographical load balancing. Complex algorithms dynamically allocate the computational loads in
geographically distributed data centers, which are determined on the basis of performance and energy.
Such strategies take advantage of the natural differences in the availability of renewable energy, the
prices of electricity, and the cooling needs of various places. Mathematical models show that well-
developed geographical load balancing can lower the consumption of brown energy significantly, and
the performance of applications can be kept within reasonable limits. The success is highly reliant on
the complexity of workload placement algorithms and model accuracy in predicting the nature of the
available energy, as well as computational needs [4].

A healthcare provider operating three regional data centers implemented KVM-based virtualization
with oVirt as the management platform, achieving server consolidation ratios of 28:1 for general
workloads. Their implementation included custom resource schedulers that increased overall
utilization from 22% to 67% through workload density optimization. The virtualization platform
incorporated power management APIs that automatically migrated VMs between hosts to consolidate
workloads during low-utilization periods, enabling entire server racks to enter low-power states. This
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implementation reduced total energy consumption by 41% while maintaining performance SLAs for
critical applications. The geographical load balancing component used a modified algorithm based on
the greening geographical load balancing (GLB) framework that considered both carbon intensity and
computational efficiency, resulting in 29% lower carbon emissions compared to traditional load
balancing approaches [4].

The serverless computing infrastructure and the dynamically auto-scaled features offer a robust system
to reduce idle capacity in the changing workload state. Serverless architecture is event-driven, which is
in line with sustainability goals as it can consume computing resources when it is actively engaged in
processing workloads. Advanced systems of monitoring can identify and kill off "zombie" resources -
infrastructure that is not used but uses energy, but offers little computational service. A combination of
predictive scaling with AT and serverless systems allows them to foresee the alterations in workload and
react proactively to the changes in resource allocation [3].
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Fig 1:Sustainable Cloud Architecture [3, 4]

An educational institution implemented an on-premises serverless platform using Knative on
Kubernetes, which enabled them to refactor monolithic applications into function-based microservices.
Their implementation included a custom resource scheduler that allocated compute resources based on
real-time demand patterns. For periodic batch processing workloads, including student record
processing and research computations, the serverless approach reduced idle capacity by 78% compared
to their previous fixed-capacity architecture. The institution developed a "resource harvester” service
that identified and terminated zombie instances after 15 minutes of inactivity, recovering approximately
22% of previously wasted computing capacity. Their predictive auto-scaling implementation used an
LSTM-based forecasting model trained on historical usage patterns, which proactively adjusted capacity
5-10 minutes ahead of demand changes, resulting in 94% reduction in cold start latency while
maintaining optimal resource utilization [3].

The tiered storage systems and intelligent data placement schemes have a significant bearing on the
energy use and the system efficiency in general. Algorithms that take into consideration access
frequency, data temperature, and geographical distribution of users can significantly lower storage
energy needs on one side and the volumes of data transfer on the other side. This is of particular
importance to data-intensive workloads such as Al training and large-scale analytics. Placing data
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strategically lowers the network traffic and, at the same time, enhances the responsiveness of the
application and reduces the use of energy in moving data along the network boundaries that are not
needed [4].

A manufacturing firm implemented a multi-tiered storage architecture using a combination of NVMe,
SSD, and high-capacity HDD technologies orchestrated by Ceph storage software. Their
implementation classified data into four temperature tiers based on access patterns: hot (accessed
multiple times daily), warm (accessed weekly), cool (accessed monthly), and cold (accessed less than
quarterly). An automated policy engine continuously analyzed access patterns and automatically
migrated data between tiers, with approximately 8% of data residing in hot storage, 17% in warm, 35%
in cool, and 40% in cold storage. The implementation included geographically aware data placement
that stored frequently accessed data closer to computational resources, reducing data transfer
requirements by 73% for heavy analytics workloads. The storage system's power management
capabilities selectively powered down storage devices in the cold tier when not actively being accessed,
reducing overall storage energy consumption by 62% compared to their previous homogeneous
architecture while maintaining access time SLAs for all data tiers [4].

II1. Carbon-Aware Workload Scheduling and Optimization

Carbon-conscious scheduling of workloads is a complex method in managing cloud resources that are
better placed to guarantee higher consideration of the environment without compromising performance
goals. The most recent studies include the application of the algorithm to schedule computational
workloads and align them with the availability of renewable energy using dynamic scheduling. These
algorithms will use many variables such as forecasted renewable generation, predicted grid carbon
intensity, historical usage pattern, and workload flexibility characteristics. The principle of doing so
requires transferring flexible computing activities to times of the day when cleaner sources of energy
occupy the generation mix. Experimental applications have shown that it has a strong opportunity to
reduce carbon by shifting the batch processing jobs, machine learning training workloads, and other
non-time-sensitive computational tasks over time [5].

A technology company implemented a practical carbon-aware scheduling system using a custom
Kubernetes scheduler extension called "CarbonKube." This implementation monitors real-time carbon
intensity data from electricity grid APIs and adjusts job scheduling accordingly. The scheduler uses a
priority-based algorithm:

tfunction calculateJobPriority(job, carbonIntensity) {

let priority = job.basePriority; // Carbon-aware adjustment if
(job.flexibility > 0 && carbonIntensity > THRESHOLD) { priority
-= (job.flexibility * carbonIntensity / MAX_INTENSITY); }

return priority;

}

it This implementation reduced carbon emissions by 31% for batch workloads by shifting
computeintensive tasks to periods of lower grid carbon intensity. For their ML training pipelines, the
system includes breakpoints that allow training to pause and resume based on carbon intensity
thresholds, with model checkpointing ensuring no computational work is lost. The system interfaces
with WattTime API for real-time carbon intensity data and incorporates 24-hour forecasting to optimize
job placement within flexible time windows [5].
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Intensive optimization of a computational workload. Temporal optimization uses prediction models to
find optimal execution windows in which energy-intensive processing can be actively executed.
Computational activities have a range of flexibility in terms of the time of execution, and batch
processing jobs are usually the ones that provide the most room to schedule the carbon-optimal one.
Advanced systems categorize workloads based on the nature of flexibility and use relevant strategies of
scheduling in regard to the technical imperative and the environmental issues. Of particular interest are
the promising results that have been achieved in data analytics and scientific computing settings, where
the computational intensity can be accurately aligned with the availability of renewable energy due to
intelligent scheduling algorithms [5].

A research institution implemented temporal optimization for their high-performance computing
(HPC) cluster running simulation workloads. Their implementation classified jobs into three flexibility
categories: rigid (must run immediately), deferrable (can be delayed up to 24 hours), and interruptible
(can be paused and resumed). Using the Grid Carbon Intensity Forecasting Model (GCIF), their
scheduling system creates a 48-hour carbon intensity forecast with 30-minute granularity. For a climate
modeling project that required 1,200 compute hours, the system identified optimal execution windows
that aligned with solar generation peaks, splitting the workload across multiple low-carbon periods.
This temporal optimization resulted in a 47% reduction in carbon emissions compared to immediate
execution, with only a 16-hour increase in total completion time. The implementation includes
integration with a weather forecasting API that improves renewable energy prediction accuracy,
achieving 87% correlation between predicted and actual carbon intensity values [5].
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Fig 2: Carbon-Aware Workload Scheduling [5, 6]

Automated resource management systems maximise the use of infrastructure when the demand is
minimal, especially when the business is off. Geographic load balancing is an efficient solution, where
the computational workload is dynamically distributed to data centres depending on the renewable
energy availability, pricing of electricity, and the intensity of carbon factor in the region. Such systems
have advanced monitoring features that detect the use of resources within distributed infrastructure
environments and smartly make decisions about workload placement. The connection to the smart grid
technologies makes both directions of communication possible between the data centres and the energy
providers, which opens the possibilities of demand response programs that contribute to the increased
sustainability even more [6].

A retail organization with data centers in three geographical regions implemented a carbon-aware load
balancing system using HAProxy with custom routing algorithms. The implementation tracks carbon
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intensity across regions (using electricityMap API data) and dynamically routes traffic to the cleanest
region when latency requirements allow. For their product recommendation engine, which generates
approximately 40% of computational load, the system implements a follow-the-sun approach that shifts
processing to regions with the lowest carbon intensity. During a six-month operational period, the
system achieved a 24% reduction in carbon emissions while maintaining 99.7% of baseline performance
metrics. The implementation includes demand response capabilities that can reduce computational
load by up to 30% during grid stress events, with automatic workload categorization determining which
services can be temporarily scaled down [6].

The measurement frameworks on carbon impacts are the basis of good optimization because they offer
a view of the environmental impact of a complex infrastructure setting. Embodied carbon. In its
entirety, the environmental indicators are monitored through comprehensive monitoring strategies that
monitor several indicators, such as direct energy consumption, cooling requirements, network
transmission impacts, and embodied carbon. The adopted standard varied carbon accounting
methodologies, which have also added to the accuracy and comparability of such measurements,
making it possible to make better decisions on infrastructure optimization [6].

A financial services company implemented the Cloud Carbon Footprint (CCF) open-source tool to
measure and visualize their carbon impact across their private cloud environment. They extended the
tool with custom data collectors for their VMware infrastructure that gather CPU utilization, memory
usage, storage consumption, and network traffic at 5-minute intervals. The implementation maps these
metrics to energy consumption using calibrated models developed through physical power
measurements of their server fleet. Their dashboard provides daily, weekly, and monthly carbon
intensity visualizations broken down by application, department, and infrastructure component. The
system identified that 38% of their carbon footprint came from an underutilized data warehouse,
leading to a redesign that reduced its emissions by 52%. The measurement framework includes scope 3
emissions from hardware manufacturing using the PAIA (Product Attribute to Impact Algorithm)
methodology, which revealed that 22% of their total carbon impact came from embodied emissions in
hardware [6].

IV. Renewable Energy Integration in Private Cloud Environments

Renewable energy sources integration in the data center environments needs advanced
energyconscience scheduling systems that can manage the workload demand against the sustainable
power supply. Machine learning methods have also become useful in forecasting and maximizing this
complicated relationship. Energy-conscious schedulers consider various conflicting priorities such as
performance goals, power usage patterns, and environmental considerations. It has been shown that
machine learning models can be used to forecast workload traits as well as energy consumption trends
with a high degree of accuracy to make intelligent scheduling choices. Such prediction systems read past
trends in workload and environmental conditions to calculate the best ways to execute them. The
resulting scheduling algorithms dynamically distribute computational resources under the availability
of renewable energy and, at the same time, satisfy service level goals. The approach is an important
improvement to the conventional scheduling models that demanded a focus on performance indicators
without regard to the nature of energy sources [7].

A telecommunications provider implemented a practical ML-based scheduling system for their private
cloud that predicts both workload demands and renewable energy availability. Their implementation
utilizes a dual-model approach: a Long Short-Term Memory (LSTM) neural network for workload
forecasting and a Random Forest model for renewable energy prediction. The LSTM model ingests
historical CPU, memory, storage I/0, and network utilization data at 5-minute intervals, achieving a
Mean Absolute Percentage Error (MAPE) of 8.3% for 24-hour forecasts. The renewable energy
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prediction component interfaces with a 1.2MW on-site solar installation and incorporates weather
forecast data from OpenWeatherMap API, including cloud cover, precipitation probability, and solar
radiation levels. The scheduling system uses these predictions to create a 72-hour resource allocation
plan that dynamically adjusts based on 15-minute forecast updates. During a 9-month operational
period, the system increased renewable energy utilization from 31% to 57% while maintaining all service
level objectives. The implementation includes specific handling for priority workloads through a multi-
tier classification system that balances renewable energy utilization with performance requirements [7].

The development of a renewable energy source into the system needs an advanced feedback control
system in order to make the system stable even when the power supply varies. Control-theoretic
methods offer useful paradigms in operating these complex environments, especially when
complemented by queuing-theoretical forecasts of system behavior at varying conditions. Studies have
shown that well-structured control systems are capable of supporting key performance indicators like
response time and throughput, and address the variability of renewable energy sources. These systems
have multi-layered control structures that can be used on a variety of time scales, including
milliseconds, power changes, and longer workload scheduling. Feedback control can be integrated with
predictive models to help data centers utilize as much renewable energy as possible without
undermining the quality of the services provided [8].

A healthcare organization implemented an on-site renewable energy system combining a 3.5MW solar
array with 2MW/4MWh battery storage system, integrated through a sophisticated feedback control
system. Their implementation uses a hierarchical control architecture with three distinct layers:
strategic (day-ahead planning), tactical (hour-ahead adjustments), and operational (minute-byminute
control). The control system incorporates a Model Predictive Control (MPC) algorithm that accounts
for predicted workload, forecasted renewable generation, battery state of charge, and grid carbon
intensity. The system includes power quality monitoring that responds to voltage or frequency
variations within 50ms to ensure stable operation during renewable fluctuations. For critical healthcare
applications with stringent performance requirements, the control system maintains dedicated capacity
reservations while dynamically adjusting non-critical workloads to align with renewable availability.
The implementation demonstrated 99.998% power stability during variable renewable generation
conditions while achieving a 44% reduction in grid power consumption. The queuing-theoretical model
uses an M/M/c queuing system to predict application response times under various resource allocation
scenarios, maintaining response time SLAs while maximizing renewable utilization [8].

The use of an advanced cooling system is another important feature in the data center environment in
renewable energy integration strategies. Conventional cooling techniques normally consume a lot of
energy, independent of both the computational activity and the climatic conditions. The modern
systems will have advanced control mechanisms that dynamically tune the cooling parameters based on
real-time measurements of distributed sensor networks in the entire facility. These systems are capable
of greatly minimising the amount of cooling energy needed and can also keep the computational
equipment at the right operating temperature. This low energy footprint allows greater usage of the
available, limited renewable sources through a reduction in the total power demand [7].

A technology research center implemented an advanced cooling optimization system that integrates
with their renewable energy infrastructure. Their implementation uses a hybrid cooling approach
combining direct-to-chip liquid cooling for high-density compute racks (achieving PUE of 1.08) with
efficient air cooling for standard workloads. The cooling system incorporates 840 IoT sensors
throughout the facility that monitor temperature, humidity, airflow, and server utilization at 10second
intervals. An AI-driven cooling management system uses this data to create thermal maps of the facility
and dynamically adjusts cooling parameters through digital twin simulation. The system implements
predictive precooling during periods of high renewable energy availability, creating "thermal inertia"
that allows reduced cooling during low-renewable periods. For the liquid cooling component, the
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implementation includes variable-speed pumps that adjust flow rates based on realtime compute
demand, reducing pumping energy by 38% compared to fixed-flow designs. The cooling system
integrates with the renewable energy management platform through an API that signals cooling systems
to increase or decrease consumption based on renewable availability, functioning as a "thermal battery"
that shifts energy consumption to optimal times [7].
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Implementation Results | O

Battery Storage Advanced Cooling

Fig 3: Renewable Energy Integration [7, 8]

V. Hardware Lifecycle Management and Server Recycling

IT hardware sustainable procurement has greatly developed, with organizations becoming aware of the
environmental effects of digital infrastructure. Modern solutions concentrate on lifecycle
considerations, as opposed to operational efficiency. The IT procurement models of sustainability
include various dimensions of energy efficiency rating, analysis of material composition, manufacturing
transparency, and end-of-life management etc. Including formal evaluation systems that measure
environmental impact in addition to conventional performance, reliability, and cost metrics,
organizations that lead the pack have initiated them. These regulations set the standardization of the
minimum recyclable content, energy efficiency, and take-back program by manufacturers. The most
developed solutions include the principles of the circular economy that focus on hardware disassembly,
replacement of components on a component level, and eventual recycling or repurposing [9].

A multinational financial institution implemented a comprehensive sustainable procurement
framework that transformed their hardware acquisition process. Their implementation includes a
Sustainability Scoring System (SSS) that evaluates servers across 27 distinct environmental criteria
including Energy Star certification, EPEAT rating, component recyclability percentage, and
manufacturer take-back programs. Each potential hardware purchase undergoes Life Cycle Assessment
(LCA) analysis that quantifies embodied carbon (kgCO2e) across manufacturing, transportation,
operation, and end-of-life phases. The procurement process requires vendors to provide detailed
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Product Environmental Profiles (PEPs) with verified material composition data, with preference given
to equipment containing at least 30% post-consumer recycled content. Their framework includes
specific Design for Environment (DfE) requirements including tool-less disassembly, standardized
components, and clearly labeled materials to facilitate end-of-life recycling. The implementation has
resulted in an 84% increase in hardware recyclability and a 37% reduction in embodied carbon
compared to their previous procurement approach [9].

Strategic repurposing of hardware as a means of increasing hardware lifespan is one of the effective
solutions in decreasing environmental impact and enhancing financial results. Companies that use an
all-inclusive approach in managing lifecycle environments usually have tiered application environments
through which hardware transitions can be systematically effected as systems become older. The initial
step in this cascade process is performance-critical production applications, which is succeeded by
development and testing environments and finally by monitoring, backup, and/or archival functions.
The component-level management strategies are more sustainable because the items that are being
replaced are only components that restrict the performance, and not whole systems. Memory, storage,
and networking modules frequently constitute economical upgrade prospects that considerably
lengthen useful lives. These strategies acknowledge the fact that hardware can continue to be
operational many years after it is no longer useful in accounting terms or has been outmoded by newer
technology [9].

A government agency implemented a structured Hardware Lifecycle Extension Program (HLEP) that
systematically manages server transitions across multiple usage tiers. Their implementation includes a
formal "lifecycle passport" for each server that documents its complete operational history, component
upgrades, and performance metrics throughout its lifespan. Servers begin in Tier 1 (mission-critical
applications) where they remain for 3 years before transitioning to Tier 2 (departmental applications)
for 2 additional years, then to Tier 3 (development/testing) for 2 years, and finally to Tier 4
(backup/archival) for 3-4 years. This structured approach extends total server lifespan to 10+ years
compared to the industry average of 3-4 years. The component-level upgrade program identifies
performance bottlenecks through continuous monitoring and implements targeted upgrades—their
data shows memory upgrades extending useful life by 2.3 years and storage upgrades by 1.8 years on
average. The program includes a dedicated "hardware renewal center" where technicians perform
component-level refurbishment, with 93% of servers receiving at least one major component upgrade
during their lifecycle. Financial analysis demonstrates that this approach reduces total hardware costs
by 42% compared to standard refresh cycles [9].

Hardware performance monitoring automated systems offer the key features to support the successful
lifecycle management. Complex monitoring systems gather detailed metrics in the compute, storage,
networking, and thermal dimensions and set benchmarks to track patterns and detect anomalies that
can signify impending problems. The predictive analytics capabilities use this data to forecast possible
failures before they affect operations and proactively maintain the functionality, but reduce disruption.
These systems adopt machine learning algorithms that keep on adjusting the predictive models in
accordance with the observed patterns. With the combination of energy consumption measures and
performance criteria, optimization is made possible to look at the capacity of operation and the
environmental impact. These abilities are useful in the heterogeneous settings that have multiple
hardware generations [10].

A healthcare network implemented an advanced Hardware Health Monitoring System (HHMS) that
collects over 120 metrics per server at 15-second intervals. Their implementation integrates sensors
measuring power consumption, temperature, fan speed, CPU utilization, memory errors, disk I/O
patterns, and network throughput. The monitoring platform uses a three-tier anomaly detection
system: rule-based thresholds for known issues, statistical analysis for deviation detection, and a deep
learning model for complex pattern recognition. The predictive maintenance component achieved 92%
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accuracy in forecasting component failures 21-38 days before operational impact, with particularly
strong results for disk drives (97% prediction accuracy) and memory modules (94%). The system
implements automated "digital twins" for each hardware configuration that model expected behavior
and flag deviations for investigation. Integration with the procurement system enables automated parts
ordering when imminent failures are detected, reducing mean-time-to-repair by 78%. Energy
performance analysis identified servers operating at suboptimal efficiency, enabling power-tuning
interventions that reduced energy consumption by 22% while maintaining performance requirements
[10].

The server recycling process represents a critical component of sustainable hardware management that
addresses both environmental impact and data security concerns. A comprehensive approach to server
recycling begins with formal decommissioning procedures that include secure data sanitization meeting
NIST 800-88 standards, with verification certificates documenting the process for each asset. Advanced
recycling facilities implement automated disassembly lines that can process servers at rates of 60-80
units per hour, separating components into distinct material streams including precious metals (gold,
silver, palladium), base metals (aluminum, copper), engineered plastics, and circuit boards. Material
recovery rates for modern recycling processes achieve 98% recovery of precious metals and 92-95%
recovery of rare earth elements, significantly reducing the need for environmentally destructive mining
operations. Specialized recycling technologies including pyrometallurgical and hydrometallurgical
processes enable efficient recovery of materials from complex electronic components, with closed-loop
water treatment systems ensuring zero liquid discharge during processing. Organizations implementing
formal e-waste management programs typically recover $8-14 per server in reclaimed materials value,
which partially offsets decommissioning costs while ensuring environmental compliance [10].

A retail corporation implemented a certified e-Stewards recycling program that processes
approximately 1,200 servers annually through a comprehensive chain-of-custody system. Their
implementation includes RFID tracking for each device from decommissioning through final material
recovery, with blockchain verification at each processing stage. The company's recycling partner
employs a multi-stage material separation process that recovers 24 distinct material streams, achieving
06.3% total material recovery by weight. For equipment with remaining functional value, a formal
testing and refurbishment process recertifies approximately 18% of decommissioned servers for reuse
in secondary markets, extending useful life while generating revenue that offsets recycling costs. The
implementation meets stringent regulatory requirements across multiple jurisdictions including WEEE
in Europe and various state-level e-waste regulations in North America. The company's annual
sustainability report documents 372 metric tons of e-waste diverted from landfills through the program,
with detailed material recovery metrics for key elements including 843kg of aluminum, 1,290kg of
copper, and 2.1kg of gold recovered annually. The program achieved carbon emission reductions of
2,840 metric tons CO2e compared to virgin material production for equivalent new hardware [10].
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Fig 4: Hardware Lifecycle Management [9, 10]
Conclusion

Green cloud computing evolution is a radical change in the way organizations build, implement, and
operate with the management of the private cloud infrastructure. Through the consideration of
sustainability in terms of architectural structures, workload scheduling software, energy optimization
software, and hardware lifecycle, organizations would be in a position to significantly lower their
environmental footprint and keep the operation level stable or even higher. Sustainable-by-design
architecture, geographical load balancing, serverless architecture and smart data placement strategies
of intelligent data placement all combine to provide a technical basis for energy-efficient cloud
operation. The resource management paradigm shifts radically when using carbon-conscious
scheduling algorithms in which the computational workload is dynamically scheduled to match
renewable energy supply. More sustainable patterns of power consumption become possible as the
sources of renewable energy use advanced machine learning and control systems. These operational
strategies can be complemented with hardware lifecycle extension by strategic repurposing and
component-level management to consider the embodied carbon. The role of environmentally
responsible cloud computing in the future is to entail the incorporation of sustainability criteria in
governance systems, the adoption of a comprehensive GreenOps program, and the creation of a
sustained improvement procedure that will lead to continuous optimization of every facet of the private
cloud settings.

References

[1] GoldmanSachs, "Al is poised to drive 160% increase in data center power demand," 2024.
[Online]. Available: https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-
160increase-in-power-demand

[2] Dipto Biswas et al., "A succinct state-of-the-art survey on green cloud computing: Challenges,
strategies, and future directions," ScienceDirect, 2024. [Online]. Available:
https://www.sciencedirect.com/science/article/abs/pii/S2210537924000817

[3] Mark Russinovich, "Sustainable by design: Innovating for energy efficiency in Al, part 1,"
Microsoft, 2024. [Online]. Available: https://www.microsoft.com/en-

3244
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative
Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited


https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.goldmansachs.com/insights/articles/AI-poised-to-drive-160-increase-in-power-demand
https://www.sciencedirect.com/science/article/abs/pii/S2210537924000817
https://www.sciencedirect.com/science/article/abs/pii/S2210537924000817
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/

Journal of Information Systems Engineering and Management
2024, 9(4s)

e-ISSN: 2468-4376

https://jisem-journal.com/ Research Article

us/microsoftcloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-
part-1/

[4] Zhenhua Liu et al., "Greening Geographical Load Balancing," IEEE. [Online]. Available:
https://www.ams.sunysb.edu/~zhliu/greeningGLB-ToN.pdf

[6] Giovanni Neglia et al., "Geographical Load Balancing across Green Datacenters," ResearchGate,
2016. [Online]. Available:
https://www.researchgate.net/publication/386960523_Geographical _Load_Balancing_across_Gree
n_ Datacenters

[7] Josep Lluis Berral et al.,, "Towards energy-aware scheduling in data centers using machine

learning," ResearchGate, 2010. [Online]. Available:
https://www.researchgate.net/publication/221561415_Towards_energyaware_scheduling_in_data_c
enters_using_machine_learning

[8] Ying Lu et al., "Feedback Control with Queueing-Theoretic Prediction for Relative Delay
Guarantees in Web  Servers'. [Online]. Available:
https://www.cse.wustl.edu/~lu/papers/rtaso3_ying.pdf

[9] N2S, "Sustainable IT Initiatives to Consider in 2024". [Online]. Available:
https://n2s.co.uk/wpcontent/uploads/n2s_guide_SustainableITInitiativestoConsiderin2024.pdf

[10] Sweta Naik et al., "Electrical waste management: Recent advances, challenges and future outlook,"
ScienceDirect, 2022. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S2772809922000028

3245
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative
Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited


https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.microsoft.com/en-us/microsoft-cloud/blog/2024/09/12/sustainable-by-design-innovating-for-energy-efficiency-in-ai-part-1/
https://www.ams.sunysb.edu/~zhliu/greeningGLB-ToN.pdf
https://www.ams.sunysb.edu/~zhliu/greeningGLB-ToN.pdf
https://www.ams.sunysb.edu/~zhliu/greeningGLB-ToN.pdf
https://www.ams.sunysb.edu/~zhliu/greeningGLB-ToN.pdf
https://www.researchgate.net/publication/386960523_Geographical_Load_Balancing_across_Green_Datacenters
https://www.researchgate.net/publication/386960523_Geographical_Load_Balancing_across_Green_Datacenters
https://www.researchgate.net/publication/386960523_Geographical_Load_Balancing_across_Green_Datacenters
https://www.researchgate.net/publication/386960523_Geographical_Load_Balancing_across_Green_Datacenters
https://www.researchgate.net/publication/221561415_Towards_energy-aware_scheduling_in_data_centers_using_machine_learning
https://www.researchgate.net/publication/221561415_Towards_energy-aware_scheduling_in_data_centers_using_machine_learning
https://www.researchgate.net/publication/221561415_Towards_energy-aware_scheduling_in_data_centers_using_machine_learning
https://www.researchgate.net/publication/221561415_Towards_energy-aware_scheduling_in_data_centers_using_machine_learning
https://www.cse.wustl.edu/~lu/papers/rtas03_ying.pdf
https://www.cse.wustl.edu/~lu/papers/rtas03_ying.pdf
https://n2s.co.uk/wp-content/uploads/n2s_guide_SustainableITInitiativestoConsiderin2024.pdf
https://n2s.co.uk/wp-content/uploads/n2s_guide_SustainableITInitiativestoConsiderin2024.pdf
https://n2s.co.uk/wp-content/uploads/n2s_guide_SustainableITInitiativestoConsiderin2024.pdf
https://www.sciencedirect.com/science/article/pii/S2772809922000028
https://www.sciencedirect.com/science/article/pii/S2772809922000028

