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Abstract

The growing reliance on cloud computing has made data centers central to global digital
infrastructure, but this growth has also caused a sharp rise in energy demand and carbon
emissions [1], [2]. Conventional approaches to scheduling workloads mainly focus on improving
efficiency and reducing operational costs, often overlooking the environmental impact of
electricity generation [3]. This paper introduces a carbon-aware framework that combines
artificial intelligence—based prediction of regional carbon intensity with dynamic workload
management across distributed data centers [4], [5]. The framework applies time-series
forecasting to anticipate fluctuations in grid emissions and reinforcement learning to optimize
workload allocation in real time [6], [7]. By jointly considering service-level agreements (SLAS),
cost, and environmental factors, the approach achieves a balanced trade-off between performance
and sustainability [8]. Experimental evaluation using real workload traces and carbon intensity
data indicates that the proposed system can lower emissions by as much as 40 percent relative to
baseline scheduling strategies, with only marginal effects on SLA compliance and cost [9], [10].
The findings suggest that predictive, Al-driven methods can play a significant role in moving
large-scale cloud infrastructures toward carbon neutrality [11], [12].
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Introduction

Background & Motivation

Cloud computing has become a central part of modern digital services, powering everything from
online platforms to artificial intelligence applications. The rapid growth of this infrastructure,
however, has come at an environmental cost. Data centers consume enormous amounts of
electricity, with global usage already exceeding one percent of total demand [1], [2]. While
innovations in hardware efficiency and cooling systems have improved performance per watt,
they do not directly address the carbon intensity of the energy being used [3]. A workload running
in a data center powered by fossil fuels produces far greater emissions than the same workload
executed in a facility supplied by renewable energy. This gap between energy efficiency and
actual carbon footprint is increasingly important as organizations and governments set ambitious
climate targets [14]. To ensure that digital growth does not undermine sustainability goals, cloud
computing must evolve toward carbon-aware operations.

Problem Statement

The main challenge lies in the mismatch between the timing of computing demand and the
availability of low-carbon energy on the grid. Most current scheduling systems in cloud data
centers focus on optimizing cost, latency, or energy consumption, but very few actively consider
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the carbon intensity of electricity in real time [7], [10]. Existing carbon-aware strategies are often
static, relying on fixed signals or simple heuristics, which limits their responsiveness to fast-
changing grid conditions [5]. As a result, opportunities to reduce emissions without sacrificing
performance are frequently missed. What is lacking is an adaptive system that can predict
changes in carbon intensity and dynamically adjust workload placement accordingly [8], [12].
This research addresses that gap by proposing a framework that integrates machine learning—
based forecasting with real-time scheduling to reduce emissions while maintaining service
quality and economic efficiency [19].

Research Gap

Existing research has explored energy-aware scheduling [6], virtual machine placement [7], and
carbon-intensity-based load balancing [8]. Yet, few frameworks integrate Al-driven carbon
prediction with real-time, multi-objective optimization that accounts for latency, service quality,
and operational cost simultaneously. There is therefore a pressing need for an adaptive, intelligent
framework capable of reducing emissions without sacrificing user experience.

Contributions

This paper makes the following contributions:

(1) We develop machine learning models for short-term forecasting of carbon intensity in
regional electricity grids.

(2) We propose a reinforcement learning—based scheduler that minimizes emissions while
balancing latency, SLASs, and energy costs.

(3) We test the framework using real-world workload traces and carbon intensity data, showing
substantial emission reductions compared to traditional methods.

(4) We discuss implications for cloud providers, highlighting trade-offs between sustainability,
performance, and economics.

Related Work

Carbon-Aware Scheduling in Data Centers

Early research on carbon-aware computing focused on aligning data center workloads with the
availability of renewable energy. Lin et al. proposed shifting delay-tolerant jobs to regions where
renewable generation is high, showing measurable reductions in carbon emissions [1]. More
recent work has explored inter-data center scheduling frameworks such as LinTS, which applies
temporally adaptive transfers across geographically distributed cloud regions to achieve up to
66% reductions in transfer-related emissions [2]. Other studies have introduced probabilistic
optimization methods that incorporate grid carbon intensity into scheduling decisions while
maintaining reliability guarantees [3]. These methods highlight the promise of carbon-aware
scheduling, but they often operate on static or coarse-grained signals that limit their
responsiveness to real-time conditions.
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Carbon-Aware Load Balancing and Resource Provisioning

Beyond workload migration, several studies have examined fine-grained resource provisioning
strategies. CASPER, for example, introduced a framework for carbon-aware scheduling and
provisioning of distributed web services, demonstrating up to 70% emission reduction while
preserving latency constraints [4]. Geo-distributed load balancing techniques have also been
developed, incorporating carbon-intensity weighting into global traffic allocation, with
reductions ranging from 21% to 51% across different deployment scenarios [5]. These
approaches demonstrate that carbon-aware optimization is possible at scale, but they often lack
predictive mechanisms to anticipate variations in grid emissions, limiting their adaptability in
volatile environments.

Al-Driven Energy and Emission Optimization

Artificial intelligence has been increasingly adopted for data center energy management,
particularly in predictive optimization. Al-based frameworks have been shown to deliver up to
22% energy savings by forecasting workload and energy demand patterns [6]. In addition,
machine learning—driven algorithms for virtual machine placement, such as deep Q-networks
combined with clustering techniques, have improved both energy efficiency and SLA
compliance [7]. However, while these studies demonstrate the benefits of Al in reducing energy
use, they rarely address carbon intensity directly. A few emerging works are beginning to bridge
this gap by integrating carbon forecasting into workload management [8], but comprehensive
frameworks that combine Al prediction with multi-objective optimization remain scarce.

Summary of GAPS

Overall, current literature demonstrates the feasibility of carbon-aware workload management
and the potential of Al for predictive optimization. However, most existing systems:

e Do not integrate real-time carbon intensity forecasting with workload scheduling.

e Optimize either for energy efficiency or carbon reduction, but not both simultaneously.

e Neglect trade-offs with latency, SLAs, and economic costs.

This creates a clear opportunity for a unified framework that leverages Al-driven prediction and
dynamic, multi-objective optimization for carbon-aware cloud computing.
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Proposed Framework/Methodology

This section presents the design of the proposed carbon-aware cloud computing framework.
The framework integrates Al-based carbon intensity prediction with dynamic, multi-objective
workload scheduling to reduce emissions while meeting service-level agreements (SLAs) and
cost constraints.
Figure 1 illustrates the overall architecture.

System Architecture

The framework consists of three main components:

Data Collection Layer:

Collects real-time data from heterogeneous sources:

Grid Carbon Intensity Signals [1]

Historical Workload Traces [2]

Dynamic Electricity Pricing [3].
This data is preprocessed and normalized for use in predictive modeling and scheduling.
Al-Driven Prediction Engine:

e Uses machine learning models (e.g., LSTM, gradient boosting) to predict short-term

carbon intensity [4].

e Input: historical carbon signals, weather forecasts, and demand response data.

e Output: predicted carbon intensity for the next 15-60 minutes.

e Equation for prediction:

® O O O

C(t+ At) = f(W,G,E, H)
where C is predicted carbon intensity, W = workload demand, G = grid data, E = energy price
signals, and H = historical traces.

—e— Static Scheduling (SS)

Multi-Objective Performance Comparison Energy-Aware (EAS)
—e— CASPER

—e— Proposed (PAl)

arbon
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Dynamic Multi-Objective Scheduler:

e Optimizes workload placement across data centers based on predicted carbon intensity, SLA
requirements, and energy prices [5].

e Uses reinforcement learning (e.g., Deep Q-Networks) to adapt scheduling policies.

e Objective function:

min (a-C + f-L + y-P)

where C = carbon emissions, L = latency/ SLA violations, P = operational cost, and a, B, y are
weight parameters.

Carbon Intensity Prediction

The prediction engine leverages time-series forecasting techniques [6].

e LSTM neural networks capture temporal dependencies
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e Ensemble models (e.g., XGBoost, Random Forest) handle non-linearities due to grid
volatility.

e Evaluation metrics include Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE).

Reinforcement Learning—Based Scheduling

The scheduler is modeled as a Markov Decision Process (MDP) [7]:

e State (ST): workload demand, predicted carbon intensities, and data center availability.
e Action (AT): allocation of workloads to data centers.

e Reward (RT): negative weighted sum of carbon emissions, SLA violations, and cost.
The RL agent learns an optimal policy n* that maximizes long-term sustainability.

™' = arg max E ST or|m

A. Multi-Objective Optimization
In addition to RL, Pareto-based optimization is applied [8].

Objectives:

1. minimize carbon emissions (C).

2. minimize SLA violations (L).

3. minimize cost (P).

Solutions on the Pareto frontier enable operators to balance sustainability and performance
priorities.

Evaluation Framework

The framework is validated using:

1) Datasets:

e Google Cluster Workload Traces.

o Electricity Map API [10].

2) Baselines:

e Static scheduling [11].

e Energy-aware scheduling [12].

e CASPER [13].

3) Metrics:

e Carbon Reduction.

e Energy Consumption.

e Sla Violation Rate.

e Cost Efficiency.

4) Simulation Environment:

e Cloud Sim [14].

e ML frameworks such as TensorFlow.

Expected Outcomes

The framework is expected to achieve up to 40% reduction in carbon emissions compared to
energy-only methods, maintain SLA violation rates below 5%, and improve operational cost
efficiency [15].

Results and Discussion

Experimental Setup

The proposed framework was evaluated using real-world and simulated datasets:
e Workloads: Google Cluster Traces (50,000+ jobs).

e Carbon Intensity Data: Electricity Map API and regional 1ISO datasets.

e Simulator: Cloud SIM enhanced with carbon-intensity modules.
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e Prediction Models: LSTM and XG Boost implemented in Python (TensorFlow, Scikit-
learn).

Schedulers Compared:

Baseline 1 — Static Scheduling (SS): No carbon-awareness.

Baseline 2 — Energy-Aware Scheduling (EAS): Focus on power reduction only.

Baseline 3 — CASPER [4]: State-of-the-art carbon-aware provisioning.

Proposed Framework (PALI): Predictive Al-based optimization.

[ ]

1.
2.
3.
4.

Carbon Emission Reduction
Table | shows the comparative performance in terms of total carbon emissions over a 7-day
simulation window.

10,000
8,200 18%
6,100 39%
5,800 42%

The proposed framework reduced emissions by 42%, outperforming both energy-aware
scheduling (18%) and CASPER (39%). This demonstrates that predictive modeling provides an
additional advantage by anticipating carbon intensity fluctuations.

SLA Violation Rate
Maintaining service-level agreements (SLAS) is critical. Table Il shows the violation rates across
methods.

While energy-aware scheduling degraded SLA compliance significantly (6.5%), the proposed
framework maintained a low violation rate (3.2%), close to the static baseline (2.3%). This shows
that multi-objective optimization prevents excessive trade-offs.

Cost Efficiency
Energy cost was also evaluated by modeling dynamic electricity prices.

Static Scheduling (SS) 105.0
Energy-Aware (EAS) 97.5
CASPER [4] 94.2
Proposed Framework (PAI) 92.8

The proposed approach achieved the lowest operational cost, saving ~12% compared to static
scheduling. This indicates that carbon-aware optimization can also provide economic benefits.

Discussion
The results highlight several key insights:
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1. Carbon vs. Energy Trade-offs: Simply optimizing for energy (EAS) reduces power
consumption but fails to capture variations in grid carbon intensity, leading to suboptimal
emissions reduction.

2. Value of Prediction: The predictive component of the proposed framework enables
proactive workload shifting, which explains the additional 3-4% improvement over
CASPER.

3. Sustainability Without Sacrifice: Unlike EAS, which increased SLA violations, the
proposed framework balanced carbon reduction with SLA compliance, ensuring
sustainability without major performance degradation.

4. Practical Deployment Implications: The framework can be integrated into cloud provider
workload managers with minimal changes, as most inputs (workload traces, carbon data) are

already available.
Carbon Emission Comparison Across Schedulers
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Carbon Reduction Achieved by Each Scheduler
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Cumulative Carbon Reduction Over One Week
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SLA Violation Rate Across Schedulers
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SLA Violation Distributions by Scheduler
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Correlation Between Carbon Emissions and Cost
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Conclusion and Future Work

The rapid growth of cloud computing has intensified concerns about its carbon footprint, with
data centers emerging as a major contributor to global emissions. This paper presented an Al-
driven carbon-aware optimization framework that integrates predictive modeling of carbon
intensity with dynamic, multi-objective workload scheduling. By anticipating grid carbon
variations and adapting workload placement across geographically distributed data centers, the
framework reduces emissions while maintaining SLA compliance and operational efficiency [1]-
[4]. Simulation results using real-world workload traces and grid carbon data demonstrated up to
42% reduction in carbon emissions, with minimal SLA violations and a 12% improvement in
cost efficiency compared to baseline methods [5]-[7]. These findings highlight the potential of
predictive Al in enabling proactive and sustainable cloud management strategies.

Looking forward, several directions remain open for exploration:

1. Integration with Renewable Forecasting: Incorporating advanced weather models could
improve accuracy in predicting renewable availability [8].

2. Embodied Carbon Accounting: Future work should expand beyond operational emissions to
include embodied emissions from hardware and infrastructure [9].
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3. Edge and Federated Systems: Extending the framework to edge computing environments
and federated learning systems could broaden its applicability [10].

4. Real-World Deployment: Collaborating with industry to integrate predictive carbon-aware
scheduling into production cloud platforms will be critical to validating scalability and
robustness [11]. By advancing carbon-aware cloud computing, this research contributes
toward the broader goal of sustainable digital infrastructure that aligns with global carbon
neutrality targets [12].
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