) International Journal of Emerging Research in Engineering and Technology
.|\ /l ’,;i" Pearl Blue Research Group | Volume 4, Issue 2, 106-114, 2023

e ISSN: 3050-922X | https://doi.org/10.63282/3050-922X.lJERET-V4I2P111

1

Original Article

Green HPC: Carbon-Aware Scheduling in Cloud Data Centers

Sunil Anasuri', Kiran Kumar Pappula?
2Independent Researcher, USA.

Abstract - High-Performance Computing (HPC) has become a major force in scientific research, financial modeling, artificial
intelligence and large-scale data analytics. Nevertheless, the growth of cloud-based HPC has led to severe environmental
issues, particularly in terms of energy use and carbon emissions from hyperscale data centres. The paper explores HPC
scheduling approaches to carbon consciousness under cloud configurations; attention is on the minimization of the
Greenhouse Gas (GHG) emissions and achieving the associated systems performance and Service-Level Agreements (SLAS). It
reviews recent approaches in green computing, discusses issues of incorporating renewable energy sources as they relate to
scheduling policies and outlines a research approach that integrates workload prediction, carbon-intensity forecasting and
multi-objective optimization. Simulation results indicate that this will reduce carbon emissions by 20-40 percent with minimal
effect on the time of job completion. We examine the tradeoffs between energy efficiency and performance, as well as carbon
consciousness, in the context of the rising prominence of sustainability metrics in the management of cloud data centres.
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1. Introduction

Significant growth in cloud-supported High-Performance Computing (HPC) has led to an increase in global energy
consumption. In 2021, it is estimated that data centres worldwide consumed almost 200 Terawatt-hours (TWh) of electricity,
which accounts for about 1 per cent of the total global demand. [1-3] This phenomenon is likely to continue with the
introduction of exascale computing, when computational power would be needed 100x more than it is currently, with the
possibility of doubling the energy needs in the near future. Traditionally, HPC scheduling algorithms are aimed at optimising
measures of performance, such as throughput, latency, and job completion times. Although these techniques come in very
handy at optimizing the use of a system, they do not usually take into account environmental factors, including energy
consumption and carbon production. Therefore, even though these methodologies have immense computing power, they are
highly effective in reducing the carbon footprint of HPC sites. The urgency of sustainability-based scheduling strategies is
largely due to the rising prominence of the concept of sustainability in recent years, both in society and in regulations, on the
one hand, and the vast availability and accessibility of renewable energy sources on the other. By incorporating energy and
carbon-consciousness into HPC workload management, it will be possible to ultimately achieve emission reduction without
compromising performance to an undesirable level, thereby leading to green and sustainable computer infrastructures.

1.1. Importance of Carbon-Aware Scheduling in Cloud Data Centers

e Environmental Sustainability: Cloud data centres are significant consumers of power, with a substantial portion still
supplied by fossil-based resources. The emission of carbon resulting from intensive energy consumption is directly
linked to climate change. Carbon-aware scheduling utilises computational workloads to optimise these emissions by
executing the work when the grid is using low-carbon, energy-intensive sources or where renewable energy is
abundant. They can develop a conscious approach to scheduling tasks based on environmental conditions, thereby
reducing the carbon impact of data centres and contributing to the broader effort to achieve net-zero emissions and
achieve sustainability in computing.

e Energy Efficiency: Carbon-aware scheduling has the additional advantage of increasing overall energy efficiency, in
addition to reducing carbon emissions. The conventional scheduling techniques tend to disregard energy
requirements, resulting in time wastage and the inefficient use of resources. It is possible to leverage carbon intensity
measurements in conjunction with renewable energy forecasts to manage workloads, enabling cloud data centres to
operate more efficiently and achieve a lower carbon footprint and cost savings. Such a two-fold advantage explains
the economic and ecological friendliness of a carbon-sensitive strategy.

o Regulatory Compliance and Corporate Responsibility: International bodies and governments are rapidly
presenting new regulations and incentives to reduce carbon emissions by large-volume computing facilities.
Carbon-aware scheduling can help cloud providers to adhere to such regulations and even earn carbon credits. Also,
illustrating active efforts to minimize emissions will consolidate Corporate Social Responsibility (CSR) programs,
improving brand reputation and stakeholder trust.

e Operational Flexibility: Carbon-aided scheduling offers more flexibility in operations to the data centers in that it
offers the capacity to adapt fluidly to changing energy sources. As an example, jobs can be redistributed to the times



or places where renewable energy is abundant to optimize the trade-off between performance and sustainability. This
flexibility will ensure that environmental objectives are met without significantly affecting the Degree of service
quality or the user's experience. In sum, carbon-aware scheduling is a significant step toward opening the doors to
modern cloud data centers by providing a feasible response to carbon emission reduction and to optimizing energy
consumption as demanded by regulatory and business concerns.
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Fig 1. Importance of Carbon-Aware Scheduling in Cloud Data Centers

1.2. Green High-Performance Computing (HPC) in Carbon-Aware Scheduling

HPC Green is the development and use of HPC systems in a way that reflects the need to minimize the impact on the
environment, whilst still using HPC to provide high computational performance. HPC infrastructures have been growing in
scale and complexity, and their carbon footprint has become a key topic of debate. Historical HPC scheduling approaches
focus on activities that maximise the number of computational resources, runtime, and performance, but do not consider the
environmental impact of power consumption [4,5]. Carbon-sensitive scheduling will be identified as a crucial component of
the green HPC domain, where computational workloads can be allocated based on real-time carbon intensity information and
the availability of alternative energy sources. Coming up with ways to schedule job execution at times when the grid is cleaner
or renewable energy sources, such as wind and solar, are more abundant, leaves the overall carbon footprint of running HPC
systems lighter, with overall system performance not severely impacted.

Green HPC encompasses a wide range of technologies, including Variable Voltage And Frequency (DVFS), workload
consolidation, and geographical load shifting, all of which work to reduce power consumption in high-performance computing
jobs. Carbon-mindful: Carbon-mindful strategies go further and actively incorporate environmental measures into schedules.
For example, flexible workloads can be postponed during periods of low carbon intensity, and data-intensive tasks can be
shifted to grids with cleaner power. Predictive analytics can also be used in combination with this strategy to predict grid
carbon intensity and renewable energy availability early enough to schedule the impact before it occurs, thereby further
improving efficiency and effectiveness. Green HPC practices can meet sustainability objectives while providing benefits both
operationally and economically. Energy savings minimize operational expenses, and compliance with environmental
regulations and corporate social responsibility increases the reputation of an organisation. In conclusion, carbon-aware
scheduling can be summarized as a foundation of green HPC, since it offers a viable framework through which sustainable
green computing can be achieved without compromising the performance requirements of high-performance computing
applications and needs.

2. Literature Survey
2.1. Evolution of Green HPC

Green High-Performance Computing (HPC) has evolved in response to the increasing need to minimise energy
consumption in computing infrastructures. Research conducted between 2005 and 2015 focused more often on energy-efficient
scheduling schemes, with Power Usage Effectiveness (PUE) as the primary figure of merit. These strategies aimed to reduce
the overall power consumption of supercomputers and enhance cooling efficiency. Nonetheless, these methods tended to
overlook the environmental impact of the source, as they failed to distinguish between electricity generated from fossil fuels
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and that generated from renewable sources. More recently (since 2016), the topic of carbon-aware computing has caught the
attention of researchers, with scheduling algorithms taking into account not just the amount of energy being consumed but also
the carbon intensity of the back-end grid. They are methods of using the renewable energy availability, e.g. solar or wind, to
influence the placement of work and time scheduling so as to minimize the carbon footprint of HPC activities as a whole.

2.2. Existing Scheduling Approaches

Several scheduling approaches have been proposed to improve the energy and carbon performance of HPC systems. Static
methods of scheduling distribute computational tasks without considering real-time energy mix diversity, and thus cannot take
advantage of renewable resources, potentially leading to increased emissions. Dynamic scheduling, on the other hand,
determines workload in accordance with varying grid carbon intensity and reallocates work in/out of green periods. Although
these measures would effectively decrease emissions, they would impact job deadlines in cases of time-sensitive workloads.
Another potential means is geographical load shifting, which involves transferring workloads to data centres in areas with high
penetration of renewable resources, such as those with high wind or solar densities. The problem with this approach is that it
introduces latency and bandwidth issues, which can be cost-prohibitive for transferring large amounts of data, thereby acting as
a barrier to implementation in tightly coupled HPC problems.

2.2.1. Summary of Green Scheduling Approaches

Green HPC scheduling has examined some of the big challenges. Dynamic Voltage Frequency Scaling (DVFS)-based
approaches primarily target energy savings through processor frequency and voltage adjustments, overlooking variations in
carbon intensity within the power grid. Geographic shifting approaches try to maximize on renewable-rich areas but have been
limited by the fact that they increase latency and transfer overhead. Scheduling using carbon forecast results enables the use of
predictive models to forecast the carbon intensities of the grid, making it possible to schedule work on a greener basis. The
correctness of these approaches is often highly dependent on the availability of accurate forecasting models, which are not
always readily available at the desired levels of granularity.

2.3. Research Gaps

Although a considerable body of research already exists, multiple research gaps remain in the area of carbon-aware HPC
scheduling. First, the results must be compared and evaluated against standards that can be used to gauge the level at which
strategies for scheduling energy are converted into energy efficiency and reduced carbon emissions. Existing benchmarks tend
to focus on either performance or energy, and do not allow easy comparison of approaches with respect to carbon awareness.
Secondly, there is a minimal incorporation of machine learning approaches into the prediction of carbon and adaptive decision-
making in scheduling systems. There are some studies that use predictive models, but these are not used broadly, and their
potential in the practical HPC is underutilized. The only way to bridge the gaps is to develop strong benchmarks and employ
advanced forecasting techniques that strike the right balance between efficiency, accuracy, and job performance in carbon-
aware HPC scheduling.

3. Methodology
3.1. System Architecture
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Fig 2: System Architecture

e Job Queue: The system begins with a job queue where arriving workloads are accumulated and sorted. It is a queue
that regulates job submissions and ensures that workloads are executed in an orderly manner. It follows a level of
fairness and prioritization, keeping both batch and real-time tasks to be sent to the workload analyzer.

o Workload Analyzer: After jobs are submitted, they are analyzed by the workload analyzer to determine their
characteristics, which are their execution time, resource requirement and deadline constraint. This component profiles
workloads to classify them as flexible or urgent jobs, which enables the scheduler to make informed decisions
regarding the balance between performance and carbon reduction goals.
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e Carbon Emissions Predictor: This module predicts the power grid's carbon intensity based on real-time data and
predictive models. The predictor can be used to input the necessary information into the carbon-aware scheduling
process by anticipating when there is a large availability of renewable power, thus creating a good fuel mix, and vice
versa when fossil-based generation is abundant. Accurate estimation is crucial to curtailing emissions without
compromising computational efficiency.

e Scheduler: The scheduler is at the core of the system, as its decision-making is based on the characteristics of the
workload and forecasts of carbon intensity. It determines the optimal execution plan and optimises the scheduling of
jobs to run at the most suitable time and location. It can push flexible tasks to more green times or geographical
locations that are in areas with more renewable resources, all within the boundaries of ensuring that their most critical
services are within a reasonable timeframe.

o Resource Allocator: After deciding when a job should be run, the resource allocator translates the schedule into an
allocation of jobs to physical resources, such as CPUs, GPUs, and memory. This module provides an efficient use of
the underlying HPC resource, loading the systems and optimizing the opportunity of idle energy wastage.

e Execution Layer: Finally, scheduled and allocated jobs reach the execution layer, where the computing nodes
perform the actual work. This layer checks to see the status of the execution and also gives feedback to the scheduler
to enable them to optimize later. It is the phase at which energy- and carbon-intelligent strategies can be realised in
terms of real emission and resource use reduction.

3.2. Workload Modeling

When designing and testing a carbon-aware scheduling system, workloads arriving at the High-Performance Computing
(HPC) environment must be modelled formally. Every job is displayed as J; = (tgrriva di» ¢;In Which three essential attributes
does the character of scheduling consist? The initial characteristic is that CEIP focuses exclusively on the followers. tg;i01,
The arrival time of the job in the system is denoted by. This parameter is quite essential since workloads may not be received
continuously, but dynamically; therefore, the scheduler must make adjustments as they arrive. The second attribute, di, will be
the deadline corresponding to job i. Constraints such as deadlines are critical in HPC environments where most tasks are bound
by scientific simulation, financial modelling, or real-time analysis that must not exceed a set amount of time. This tradeoff
provides the scheduler with considerable flexibility in terms of scheduling characteristics, allowing for the minimisation of
emissions while meeting performance requirements.

The third attribute is the 1,194 square inch compute demand of the job (or the number of computational resources, e.g.,
CPUs, GPUs, or memory units) and the estimated time of job execution. Demand for compute resources varies significantly,
encompassing lightweight workloads with short durations and low resource requirements, as well as heavy-duty workloads
with long runtimes. Ensuring that these three attributes are in-modelled jobs will allow the system to distinguish between the
flexible and rigid jobs, whereby flexible jobs can be postponed or shifted to greener periods, and rigid jobs required immediate
effect to fulfil service-level agreements. Moreover, this model also serves as the basis for incorporating carbon-aware
scheduling strategies, as the system can now reason about how a job might be migrated forward or backwards in time or place
without causing schedule violations or resource overloads. By modelling arrival dynamics, deadline requirements, and
compute intensity, the workload model provides a valid and flexible representation of HPC workloads within carbon-conscious
scheduling systems.

3.3. Carbon Intensity Forecasting

A crucial feature of carbon-aware scheduling in High-Performance Computing (HPC) systems is the accurate estimation
of the carbon intensity of the electricity grid. Carbon intensity is the concentration of carbon dioxide produced by each
kilowatt-hour of electricity consumed at time t, referred to as C B etonL This information is normally sourced within grid
operators who make available real-time and historical records (or historic transmissions) of the energy mix proportions of this
energy mix, which often includes elements of renewable energy sources (renewable energy sources) such as solar, wind, and
hydro (Water), as well as traditionally-based (Food) production. There is no doubt that renewable energy supply is variable and
relies on non-directly controllable environmental factors, especially in real-time. Reactiveness is therefore not enough, as
indicated by simple reactive detailing. To solve this, the field of machine learning can be applied, serving as a valuable method
for predicting the future trend of carbon intensity. LSTM networks are particularly well-suited for this task, as they can be used
to extract temporal sequences from sequential data. The forecasting model may be symbolized by
CI(t+1)=f(CI(t),CI(t-1),...,W(1)),

WhereW(t)raw data on solar irradiance, wind speed, temperature and cloud cover, all of which directly affect the
production of renewable energy sources. The combination of historical carbon intensity values and other external factors, such
as weather, allows the model to learn sophisticated patterns, thus yielding an extremely accurate approximation of short-term
carbon intensity. Such predictive ability allows the scheduler to actively assign jobs to cleaner times instead of waiting until
power is consumed before taking action. For example, when the portfolio is expected to experience high solar energy in the
upcoming hour, less critical jobs can be postponed to match the non-urgent energy window. When fossil-based energy is likely
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to prevail, the scheduler might focus on urgent workloads that cannot be postponed. Through this, carbon intensity forecasting
is the cornerstone of carbon-aware HPC scheduling, connecting flexibility and workloads with environmentally friendly HPC.

3.4. Multi-Objective Scheduler

The High-Performance Computing (HPC) scheduler must balance reducing its environmental footprint (the carbon
footprint of computing) with performance requirements. This trade-off is specified as a multi-objective optimization problem.
The objective is to minimize two factors: the weights of the total carbon footprint of the jobs carried out and the penalties
associated with job delays. The objective can be written as

Minimize } | (E CCI(t:)+ A Defuy;),
i=1

WhereE; Is the expected energy needed to complete the job? i, CI(t;) is the forecasted carbon intensity of the grid at the
time jobs are executed, and Delay; The time added to the wait for a job is due to the scheduling decisions. The weighting
factor is the parameter A that balances the priority of environmental goals against the performance penalties, enabling the
system designer to tune the scheduler in light of their policy priorities. A great 3 generates a high 3 but puts more stress on
meeting deadlines, whereas a low 3 imposes stricter requirements on carbon reduction. To be useful in practice, scheduling
work is limited by Service-Level Agreements (SLAS) that specify delays, defining an upper limit of delays that jobs should not
exceed. The restriction reflects this.

Delay; < d;,

Where d; Is the deadline of the job 1?7 By establishing this condition, the system ensures that when a goal of sustainability
is pursued, mission-critical or real-time workloads are not adversely affected. The schedule will be tailored to the
characteristics of the workload, carbon intensity predictions, and the SLA requirements to drive the ideal execution windows.
Task loads that can be delayed can be put off until times when the power supply is cleaner, whereas vitally important loads will
be front-loaded even when fossil stars still prevail. Such a design can guarantee a reasonable trade-off between reducing the
carbon footprint and providing reliable services, thus making the scheduler both eco-friendly and performance-sensitive.

3.5. Algorithm Flow

Algorithm Flow

Predict Carbon Dispatch Jobs
Intensity and Dynamically
Renewable
Availability
Collect Job Run Optimization
Requests Solver

Fig 3: Algorithm Flow

e Collect Job Requests: The process begins by collecting job requests submitted to the HPC system. Metadata (such as
arrival time, deadline, and compute demand) is stored in the job queue along with each request. This is the first step to
ensure that workloads are registered systematically, allowing for the assessment of their intrinsic properties before
they are subjected to path scheduling. Well-collected and classified jobs are not only a guarantee of fairness but also
help prioritise the workload effectively.

e Predict Carbon Intensity and Renewable Availability: After queuing jobs, the system invokes the carbon intensity
forecasting module to forecast future carbon intensity rates on the grid. The predictor performs this task using
machine learning algorithms, specifically Long Short-Term Memory (LSTM) networks, and considers historical
carbon intensity data, as well as weather factors such as solar irradiance and wind speed, which are directly related to
renewable energy generation. The forecast will provide visibility into available greener execution windows, enabling
the scheduler to match workloads with periods of low carbon intensity.

¢ Run Optimization Solver: The nature of the problem is converted to a multi-objective optimization task that will
balance carbon reduction with the initiation of the performance demands by the scheduler. The optimization solver
uses job characteristics, the carbon intensities predicted, and SLA constraints to find the optimal plan of schedule.
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Based on the importance of a particular workload, the solver either executes jobs in real-time or defers tasks until the
grid is likely to be green, without compromising deadlines. This action is the heart of the decision-making process in
the system.

e Dispatch Jobs Dynamically: The optimized schedule is then used in sending jobs to computing resources. Dynamic
dispatching enables flexibility in adapting to real-time changes that may occur due to unexpected variations in carbon
intensity, the arrival of work, or system load. The system continually monitors execution, and when deviations are
detected, it can reschedule jobs or reallocate resources. This is a fluid model of system operation as it strives to stay
on track and minimize its carbon footprint at all times.

4. Results and Discussion
4.1. Simulation Setup

To measure the efficacy of the suggested carbon-aware framework, a simulation is conducted using actual workload and
carbon intensity data, which models workload dynamics and carbon intensity dynamics. The workload traces used in this work
are sourced from the NASA Ames High-Performance Computing (HPC) centre, which publicly shares logs of job submissions,
execution times, resource requirements, and deadlines. These traces are also popular in HPC research due to their resemblance
to real submission patterns, such as bursty arrival patterns/compute requirements, as well as a mix of short and long-running
jobs. Using these traces, the simulation environment validates the scheduler's performance in workload patterns that are more
likely to reflect reality in HPC application environments. Concurrently, carbon-intensity data is obtained via the UK National
Grid, which routinely updates both the real-time and historic electricity generation mix and carbon emissions.

This dataset contains detailed records of contributions from renewable energy sources, as well as fossil-based power
sources, including wind, solar, coal, and natural gas. Integrating carbon intensity into the simulation also reflects real-life
environmental standards, as in reality, the availability and demand of renewable sources can vary greatly over time, requiring
the scheduler to adapt to these non-static environmental metrics. Moreover, the UK grid is an excellent dataset to use, as it
contains a vast amount of historical data with high temporal fidelity, which has a proven track record of integrating renewable
energy, making it an ideal benchmark dataset for model-based carbon-aware scheduling research. Using workload traces from
NASA Ames and UK National Grid carbon intensity data, the simulation environment provides a controlled and realistic
testbed for experimentation. Through integration, it is possible to evaluate the level of emission reduction achieved by the
proposed scheduling algorithm without compromising adherence to Service-Level Agreements (SLAs). After all, the
simulation platform ensures the reproducibility of the results, as well as their applicability to the real-world HPC environment.

4.2. Results
Table 1: Results
Scheduler Type Energy Reduction (%) | Carbon Emissions Reduction (%)
Traditional FCFS 0% 0%
Energy-Aware 21.9% 14.3%
Carbon-Aware (Proposed) 25.7% 40.5%
50%
40.50%
40%
9 25.70%
30% 21.90% °
20% 14.30%
10%
0% 0%
0%
Traditional FCFS Energy-Aware Carbon-Aware
(Proposed)
Energy Reduction (%) Carbon Emissions Reduction (%)

Fig 4: Graph representing Results
e Traditional FCFS: The First-Come-First-Served (FCFS) scheduler serves as a reference point for comparison. It

does not consider energy consumption or carbon intensity in distributing income to jobs. Consequently, there are no
improvements in energy consumption or carbon emissions, and these indicators remain at 0%. Being direct and to the
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point, the approach highlights the unsustainability of the conventional scheduling approach in terms of environmental
friendliness for HPC operations.

e Energy-Aware Scheduler: The energy-aware scheduler tries to optimize the scheduling of tasks to decrease total
power consumption by means of using Dynamic Voltage and Frequency Scaling (DVFS) and workload consolidation.
As demonstrated in the results, this method achieves a 21.9 per cent energy savings. Nevertheless, the energy
reduction is not in proportion to the reduction in carbon emissions, which is only 14.3%. This highlights the limitation
of energy-based strategies in addressing environmental sustainability.

e Carbon-Aware (Proposed) Scheduler: The proposed carbon-aware scheduler extends the energy-efficient one by
being proactive in terms of carbon awareness, as it not only considers the predicted level of carbon intensity and the
availability of renewable sources but also takes these factors into account in scheduling decisions. This will enable the
system to run jobs with minimal impact on the carbon footprint or redistribute resources during low-carbon periods.
As a result, the scheduler reduces the consumption of energy by 25.7 percent and shows a much greater decrease of
40.5 percent in the use of carbon. These findings show that the use of carbon intelligence in HPC scheduling can both
maximize the environmental performance and better guarantee an overall reduction of carbon footprint than energy-
proficient approaches.

4.3. Trade-Off Analysis

Carbon-aware scheduling generally offers significant advantages for the environment, but this comes at a price that is
highly worth considering in the operation of HPC. An interesting trend in the simulation results is that the presented carbon-
aware scheduler can save about 40 percent of carbon emissions, as compared to the traditionally implemented methods. This is
achieved by scheduling job execution to meet lower carbon content and renewable energy generation targets. The system can
optimise the intervals based on those that are greener, thereby minimising the system's carbon footprint without substantially
affecting its performance. Nonetheless, this selective scheduling policy is accompanied by a slight rise in average wait time,
which is found to be approximately 8%. This is due to the fact that certain workloads are designed to delay their execution
until periods of cleaner energy are available, resulting in a trade-off between environmental considerations and the urgency of
completing the job. Notably, the increase in waiting time falls within the boundaries set by Service-Level Agreement (SLA)
standards and does not negatively impact key endeavours.

In addition to the use of carbon-aware scheduling policies, geographic load shifting is another mechanism for reducing
emissions. It can also further engage in workload dispersal by positioning multiple data centre facilities in regions with a
greener electricity grid, such as those with high wind or solar power generation capabilities. However, this scheme introduces
additional delays and overhead in terms of traffic transportation between locations. Delay in networks, bottlenecks on
bandwidth utilization, and the synchronization of processes may give a large delay in the job turnaround times, especially on
more communication-intensive applications. Therefore, where heavyweight load can maximize performance parameters, such
as response time and throughput, geographic shifting cannot. The trade-off analysis also highlights the need to pursue both
carbon reduction goals and achieve a balance between operating performance and carbon reduction. As a trade-off, carbon-
aware scheduling will have a significant performance advantage with minimal reduction in efficiency. Geographic shifting,
although more aggressive in reducing carbon emissions, needs to closely examine network/latency constraints. The insights
indicated above show the relevance of multi-objective optimization in HPC scheduling, where sustainability versus
performance goals should also be optimized simultaneously.

4.4. Discussion

The simulation study has yielded important insights into the purpose of carbon-aware scheduling in High-Performance
Computing (HPC) as well as the broader implications of sustainable computing. The suggested scheduler indicates that
incorporating carbon intensity readings into the scheduler's assignment decisions can lead to a significant reduction in the
carbon footprint of HPC operations, with only minor performance degradation. Namely, a 40 percent decrease in the number of
carbon emissions reveals that it is possible to achieve significant environmental improvement through matching workloads
with the times when carbon intensity in the grid is lower and renewable energy is more abundant. This is especially significant
in the current environment, with the rising energy requirements of contemporary HPC systems and the world's need to reduce
greenhouse gas emissions. Although this energy-aware scheduling approach would improve energy consumption, a carbon-
centric approach would be needed to achieve comparable carbon reductions. The slight increase in overall average job waiting
time (~8%) in carbon-aware scheduling is a fair trade-off, demonstrating that delicate scheduling algorithms can achieve a
balance between system performance and green objectives.

Geographic load shifting also has the added benefit of potentially reducing carbon emissions through regional diversity in
energy mix; however, it also creates latency and data transfer costs, which may impact time-sensitive or communication-
intensive workloads. These facts support the use of multi-objective optimization, when both environmental implications and
efficiency rates need to be addressed at the same time. Furthermore, the paper highlights several practical concerns that arise
when implementing carbon-aware HPC scheduling in a real-world setting.
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Account [the ability] to precisely predict carbon intensity, integration with any already existing workload management
systems, and strictly observing Service-Level Agreements are important in reaching sustainability objectives without affecting
the quality of service or reliability of a system. It will be an avenue of future research to investigate the possibility of using the
combination of machine learning-based forecasting, dynamic workload redistribution, and renewable-aware resource
provisioning to further the optimization aspects of the energy/carbon reduction versus performance trade-off. The results
demonstrate that carbon-aware scheduling is an effective and feasible method for making HPC more sustainable. The research
achieves this by providing a descriptive framework that can inform researchers and practitioners in the design of
environmentally friendly computing infrastructure.

5. Conclusion

This paper explores the possibility and necessity of incorporating carbon-conscious scheduling strategies into cloud-based
High-Performance Computing (HPC) environments. This study demonstrates that combining carbon-intensity forecasting with
workload flexibility can lead to substantial reductions in carbon emissions without compromising system performance. Simple
scheduling strategies, such as First-Come-First-Served (FCFS) schedules or purely energy-driven schedules, were found to
either neglect consideration of environmental factors or achieve relatively small improvements. In comparison, the proposed
carbon-aware scheduler learnt up to a 40-percent carbon emission reduction against a max of 8-percent increase in average job
waiting time, which is within an acceptable Service-Level Agreement (SLA) limit. The results confirm that carbon-aware
scheduling is a feasible tool for achieving the sustainable goal of meeting the needs of large-scale computing while doing so in
a sustainable manner.

Although the findings are encouraging, there are a few directions that future research should take. To address this,
prediction models based on Artificial Intelligence (Al), such as sophisticated deep learning frameworks, may be used to
improve the accuracy of forecast rates and provide real-time, policy estimation that can change dynamically. Secondly,
sustainability-conscious SLA metrics are required, and they need to be standardized in order to include carbon emission, the
use of renewables, and energy efficiency, besides the conventional SLA metrics. These standardized benchmarks would enable
the comparisons of various scheduling approaches to be made equally well and would encourage broader use of these
approaches in the HPC community. Lastly, the design and operation of hybrid renewable-energy-powered HPC clusters will be
an interesting avenue to explore. Combining on-site renewable sources with a carbon-aware workflow serves to further
decarbonise data centres, as well as hedge them against grid variability. All of the discussed future research directions,
together, will give carbon-aware computing a much more solid basis to build upon and become a more significant contributor
to scientific and industrial innovations.
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