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Abstract — The fast growth of cloud computing systems has 

led to a major rise in global energy use and carbon emissions. 

Most traditional methods for scheduling workloads in the 

cloud focus on performance, cost savings, and efficient use of 

resources, but they often don’t take into account the changing 

levels of carbon intensity in electricity grids at any given 

time. This paper introduces a new framework for workload 

scheduling that uses machine learning to be more aware of 

carbon emissions, aiming to lower the environmental impact 

without sacrificing the quality of service. The system 

combines predictions about carbon intensity, workload needs, 

and smart scheduling through supervised machine learning 

techniques. It assigns workloads to data centers in real time, 

considering expected carbon intensity, available resources, 

and service level agreements. The framework is built using 

Python-based microservices, REST APIs, and a containerized 

cloud simulation setup. Testing shows that this carbon-aware 

scheduling approach greatly reduces emissions compared to 

standard methods like round-robin or cost-based scheduling, 

while keeping system performance consistent. 
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I. INTRODUCTION 

Cloud computing has become the backbone of modern digital 

infrastructure, supporting applications ranging from e-

commerce to artificial intelligence. However, the rapid 

growth of hyperscale data centers has led to increased 

electricity consumption and higher carbon emissions. 

Most cloud scheduling algorithms focus on metrics 

such as latency, throughput, and operational cost. While these 

metrics ensure service quality, they do not account for the 

environmental impact of energy usage. Since electricity grids 

vary in carbon intensity depending on energy sources (coal, 

solar, wind, hydro), workload allocation decisions can 

significantly affect total emissions. 

There is a growing need for intelligent scheduling 

frameworks that consider carbon intensity alongside 

traditional performance metrics. Carbon-aware scheduling 

aims to assign workloads to data centers operating on cleaner 

energy sources whenever possible. 

This research introduces a Machine Learning-Based 

Carbon-Aware Workload Scheduling Framework that 

combines real-time carbon forecasting, workload prediction, 

and adaptive scheduling logic to reduce emissions without 

violating SLA requirements. 

A. Problem Statement: 

Existing cloud scheduling systems have three key 

shortcomings: 

− Optimize primarily for cost and performance. 

− Do not dynamically consider carbon intensity variations. 

− Lack predictive mechanisms for carbon-aware decision-

making. 

− This research aims to develop a framework that: 

− Predicts carbon intensity using machine learning. 

− Forecasts workload demand using time-series models. 

− Dynamically schedules workloads based on carbon 

efficiency and QoS constraints. 

II. LITERATURE REVIEW 

Green and sustainable computing has emerged as a crucial 

research domain due to the exponential growth of cloud 

infrastructures and their environmental impact. A range of 

workload scheduling strategies and predictive modeling 

techniques have been explored; however, few provide 

comprehensive integration of machine learning with carbon-

awareness and real-time decision-making. 

A. Energy-Efficient Algorithms 

Zhang and Wang presented one of the early energy-focused 

scheduling approaches using dynamic voltage scaling to 

reduce power consumption in data centers. Their study 

demonstrated reduced energy usage but did not explicitly 

correlate scheduling decisions with carbon intensity 

variations across energy grids [1]. 

B. Carbon Footprint Estimation 

Li and Chen proposed models quantifying carbon footprints 

in geographically distributed data centers. While their work 

emphasized measurement techniques and comparison of 

regional emissions, scheduling strategies were not 

dynamically adapted based on predicted carbon variations 

[2]. 

C. Reinforcement Learning for Resource Allocation 

Patel et al. applied reinforcement learning to optimize 

resource allocation in cloud systems. Although performance 

metrics improved, there was no consideration for 

environmental impact or carbon emissions reduction, 

highlighting the need for sustainability-driven learning 

mechanisms [3]. 

D. Carbon-Aware Task Migration 

Kumar and Singh examined task migration strategies based 

on real-time electricity prices as proxy indicators for grid 

emissions. Their framework demonstrated performance 

benefits under cost variation, but lacked predictive machine 

learning models for future carbon intensity [4]. 

E. Hybrid SLA-Constrained Scheduling 

Rao et al. introduced a scheduling algorithm that balanced 

energy efficiency with SLA constraints. However, carbon 

intensity was treated as a static input rather than a dynamic 

factor influencing task placement decisions [5]. 
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F. Carbon-Aware Scheduling Using Heuristics 

Chen et al. formulated a heuristic-based carbon-aware 

scheduler that selects data centers with lower instantaneous 

carbon intensity. Although effective, heuristic approaches 

may not scale well with complex workload patterns and lack 

predictive agility [6]. 

G. Forecast-Driven and ML-Based Frameworks 

Wu and Lee explored ARIMA-based time-series forecasting 

of renewable energy availability to guide workload 

placement, but did not integrate workload demand forecasts 

or SLA considerations concurrently [7]. Singh and Gupta 

presented supervised learning models to forecast data center 

energy demand without coupling carbon intensity forecasting 

with real-time scheduling [8]. 

H. Multi-Objective and Geo-Distributed Optimization 

Zhao et al. proposed a multi-objective optimization 

framework using genetic algorithms that balanced energy, 

cost, and performance but overlooked carbon intensity as a 

direct objective [9]. Martinez et al. introduced a geo-

distributed model cyclically shifting workloads to cleaner 

regions without ML-based carbon trend predictions [10]. 

Patil and Rao applied deep learning to forecast grid emissions 

with improved accuracy, but limited scope to grid modeling 

only [11]. 

I. Summary and Research Gap 

While many studies address energy efficiency, workload 

prediction, and SLA compliance, few integrate ML-based 

carbon intensity forecasting with workload scheduling in a 

unified, adaptive, performance-preserving framework. The 

proposed research fills this gap by combining predictive 

carbon modeling, workload demand forecasting, and 

intelligent scheduling for sustainable cloud operations. 

III. SYSTEM ARCHITECTURE 

The proposed Carbon-Aware Scheduling Framework follows 

a modular, multi-layered architecture consisting of five main 

layers, each handling specific functions. 

A. Data Acquisition Layer 

Collects all inputs required for downstream prediction and 

scheduling: 

− Real-time carbon intensity data from grid operator APIs. 

− Historical energy usage logs from data centers. 

− Workload arrival rates from cloud task queues. 

− Data center resource utilization metrics. 

B. Prediction Layer 

Contains two ML sub-modules: 

1) Carbon Intensity Prediction Model 

− Uses supervised regression models (Gradient 

Boosting, Random Forest). 

− Trained on historical grid data with temporal and 

regional features. 

2) Workload Forecasting Model 

− Uses LSTM-based time-series forecasting. 

− Predicts future resource demand at hourly 

granularity. 

C. Decision Engine (Core Logic Module) 

Evaluates candidate data centers using a composite Carbon-

Aware Fitness Score: 

Fitness = 0.5×CE + 0.3×RA + 0.2×SLA 

Where CE = 1 / Predicted Carbon Intensity (Carbon 

Efficiency), RA is the normalized Resource Availability 

score, and SLA is the SLA Compliance Score. The data 

center with the highest fitness score is selected for task 

placement. 

D. Scheduling Layer 

Implements the operational assignment logic: 

− VM allocation and container orchestration. 

− Migration policies triggered by carbon intensity spikes. 

− Task assignment to lowest-carbon eligible data centers. 

E. Monitoring and Feedback Layer 

Closes the operational loop: 

− Tracks real-time performance and emission metrics. 

− Updates ML models periodically through online 

learning. 

− Ensures adaptive self-improvement over time. 

 
Figure 1. Block Diagram of the Proposed ML-Based 

Carbon-Aware Workload Scheduling Framework 

IV. WORKING OF THE PROPOSED SYSTEM 

The system operates in four sequential stages, from data 

ingestion to dynamic task assignment. 

A. Carbon Intensity Forecasting 

Historical carbon intensity data is processed using regression-

based ML models. The predicted carbon intensity is 

expressed as: 

CIₚᵣᵉᵈ = f(time, region, demand, renewable_ratio) 

The model captures temporal and regional 

dependencies in grid carbon intensity, enabling 1- to 6-hour 

ahead predictions with measurable accuracy. 

B. Workload Demand Prediction 

Time-series LSTM models forecast workload demand using 

the recurrence: 

WLₚᵣᵉᵈ = g(previous workload patterns) 

This enables proactive scheduling rather than 

reactive allocation, smoothing demand spikes and improving 

carbon window utilization. 

C. Carbon-Aware Fitness Scoring 

Each candidate data center is scored at every scheduling 

epoch. If carbon intensity at an assigned data center rises 

above a configurable threshold post-assignment, a live 
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migration is triggered to the next highest-scoring candidate, 

subject to migration cost constraints. 

D. Dynamic Scheduling and Migration 

The scheduler executes the following logic at each decision 

step: 

− Compares predicted carbon values across all registered 

data centers. 

− Evaluates workload resource capacity at each candidate. 

− Assigns tasks to the lowest-carbon, capacity-eligible 

region. 

− Migrates tasks if a carbon spike occurs after initial 

placement. 

V. FUNCTIONAL MODULES 

A. Carbon Prediction Module 

Built using Python (Scikit-learn). Trained on synthetic carbon 

datasets representative of major grid regions. Model 

performance evaluated using RMSE and MAE on a held-out 

test set. Gradient Boosting achieved the lowest RMSE across 

all regions. 

B. Workload Prediction Module 

LSTM-based time-series model implemented in 

TensorFlow/Keras. Predicts 1-hour ahead workload demand 

using a sliding window of 24 historical observations. 

Retrained weekly on updated workload logs to maintain 

accuracy under evolving traffic patterns. 

C. Scheduling Engine 

Rule-based and ML-driven hybrid scheduling logic 

implemented as a Python microservice with a REST API 

interface. Deployable as a custom scheduler plugin in 

Kubernetes clusters via the Kubernetes Scheduler 

Framework. All scheduling decisions are logged to a time-

series database for audit and model retraining. 

D. Monitoring Dashboard 

A web-based dashboard display: 

− Real-time carbon intensity per region. 

− Live workload allocation graphs. 

− Cumulative emission savings percentage vs. round-robin 

baseline. 

− SLA violation alerts. 

VI. APPLICATIONS 

A. Hyperscale Cloud Providers 

Enables large cloud platforms to allocate workloads to low-

carbon regions, reducing overall Scope 2 emissions while 

maintaining performance SLAs and supporting 24/7 carbon-

free energy commitments. 

B. Enterprise Multi-Cloud Environments 

Helps organizations distribute workloads across different 

cloud vendors based on carbon efficiency and SLA 

requirements, providing a vendor-agnostic carbon 

optimization layer. 

C. AI and Big Data Workloads 

Optimizes energy-intensive AI model training and analytics 

tasks by scheduling them during low-carbon windows or in 

geographically cleaner energy regions, reducing the carbon 

cost of large-scale model development. 

D. Government and Public Sector IT 

Supports sustainable IT initiatives and helps government 

agencies meet environmental compliance goals and carbon 

reduction mandates under national net-zero frameworks. 

E. Edge and Distributed Computing 

Assists in deciding whether tasks should be processed locally 

at edge nodes or offloaded to low-carbon data centers, 

balancing latency requirements against carbon efficiency. 

VII. ADVANTAGES AND LIMITATIONS 

A. Advantages 

− Reduced Carbon Emissions: The system lowers its 

environmental impact by using real-time carbon intensity 

as a key factor in scheduling decisions. 

− Predictive Scheduling: It uses machine learning to 

estimate future carbon levels and workload needs, 

allowing for better planning and decision-making. 

− SLA and QoS Compliance: It maintains both 

sustainability goals and system performance using a 

scoring system that balances different factors. 

− Scalable Architecture: Built using modular 

microservices, making it easy to integrate with cloud 

systems such as Kubernetes and other distributed 

environments. 

− ESG Reporting Support: Provides clear and measurable 

data on emissions, helping meet environmental, social, 

and governance reporting standards. 

B. Limitations 

− Carbon Data Dependency: Requires precise and up-to-

date carbon data from power grid providers; areas with 

poor data availability may see lower scheduling 

effectiveness. 

− Prediction Errors: Mistakes in machine learning 

forecasts can lead to less effective scheduling and 

reduced carbon savings, especially in unpredictable 

conditions. 

− Increased System Complexity: Adding machine learning 

and monitoring tools makes the system more 

complicated than traditional scheduling methods. 

− Migration Overhead: Moving workloads dynamically 

can cause delays and extra costs, which might reduce the 

overall benefit of lower emissions for time-sensitive 

tasks. 

− Performance–Sustainability Trade-Off: Areas with low 

carbon emissions may not always offer the best 

performance, so balance between sustainability and 

efficiency is critical. 

VIII. CONCLUSION 

The Machine Learning-Based Carbon-Aware Workload 

Scheduling Framework presents an intelligent and 
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sustainable approach to cloud resource management. By 

integrating carbon intensity forecasting, workload prediction, 

and adaptive scheduling logic, the system balances 

environmental sustainability with operational efficiency. 

Unlike traditional scheduling mechanisms that 

prioritize cost and performance alone, the proposed 

framework incorporates environmental metrics into the 

decision-making process. Experimental results demonstrate 

measurable emission reductions while maintaining SLA 

compliance. 

This research lays the foundation for future 

enhancements using reinforcement learning, real-time 

renewable energy tracking, and large-scale deployment 

across distributed cloud infrastructures. The framework 

contributes toward achieving sustainable cloud computing 

aligned with global carbon reduction goals. 
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