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Abstract 

The rapid expansion of artificial intelligence (AI) technologies has significantly increased 

global energy consumption, raising serious concerns about environmental sustainability. 

This study presents a comprehensive framework for integrating green energy solutions into 

AI infrastructure to reduce carbon emissions from training and deploying large-scale 

machine learning models. The framework uses a layered approach that incorporates 

renewable energy sources, energy-efficient workload management, and hardware 

optimisation techniques. Experimental results show energy savings of 35% to 60% while 

maintaining acceptable computational performance. These findings demonstrate the 

feasibility of sustainable AI development and provide valuable recommendations for 

researchers and industry professionals seeking to minimise environmental impact without 

hindering technological advancement. 
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Introduction 

The widespread adoption of artificial intelligence applications across various 

industries has significantly transformed modern computational systems. Despite its 

technological benefits, this rapid advancement has also introduced major environmental 

concerns. Studies indicate that training a single large-scale language model can generate 

carbon emissions comparable to the lifetime emissions of five automobiles. At the same time, 

the energy consumption of global data centres is expected to account for nearly 8% of 

worldwide electricity demand by 2030. 

The intersection of AI innovation and environmental sustainability creates both 

pressing challenges and promising opportunities. As machine learning models continue to 

expand in complexity, with exponentially increasing parameters and growing inference 

demands, the renewable energy sector has simultaneously experienced substantial progress. 

In recent years, solar and wind energy technologies have become increasingly affordable, 

achieving cost competitiveness with conventional power sources in many regions worldwide. 

This study investigates a key research question: how can AI infrastructure be strategically 

redesigned to integrate renewable energy resources without compromising computational 

efficiency and operational performance? To address this issue, we introduce the Sustainable 

AI Infrastructure Framework (SAIF), a holistic approach that combines green energy 

integration with the specialized requirements of machine learning workloads. 

The major contributions of this research are threefold: 

• A detailed classification framework analysing energy consumption behaviours in AI 

systems during training, inference, and data processing operations.  

• The development of an innovative workload scheduling algorithm designed to align 

computational tasks with the availability of renewable energy resources.  
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• An experimental evaluation framework for measuring and assessing sustainability 

indicators in AI infrastructure and deployment environments. 

II. Related Work 

A. Energy Consumption in AI Systems 

Research on the energy demands of artificial intelligence systems has highlighted the 

growing environmental impact of modern machine learning models. Patterson et al. provided 

some of the earliest detailed measurements of energy consumption during neural network 

training, showing that model design and architecture play a major role in determining carbon 

emissions. Later, Strobel et al. examined the environmental cost of natural language 

processing models and found that transformer-based architectures require substantially more 

energy than earlier machine learning approaches. These findings demonstrate that the rapid 

increase in AI model complexity is directly linked to rising power consumption and carbon 

footprints. 

B. Green Computing Initiatives 

The green computing movement has introduced several innovative strategies to make 

data centre operations more sustainable. One significant contribution came from Google’s 

carbon-intelligent computing platform, which introduced the idea of scheduling flexible 

computational tasks during periods of highest renewable energy availability. Similarly, 

Microsoft’s Planetary Computer initiative developed carbon-aware protocols that enable 

applications and APIs to account for environmental impact in runtime decisions. These 

initiatives have shown that intelligent workload management can play an essential role in 

reducing energy consumption and improving sustainability. 

C. Renewable Energy Integration 

Advancements in renewable energy technologies and smart grid systems have further 

strengthened the potential for sustainable AI infrastructure. Researchers such as Liu et al. 
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proposed algorithms that align computational workloads with solar energy generation cycles, 

resulting in nearly 40% reductions in electricity drawn from conventional power grids. In 

addition, data centres operating in Nordic countries have successfully utilized wind energy to 

achieve nearly 100% renewable-powered operations under suitable environmental conditions. 

These developments highlight the growing feasibility of integrating renewable energy sources 

into large-scale computing environments. 

D. Research Gap 

Although considerable progress has been made in green computing and renewable 

energy integration, existing research still lacks a unified framework tailored to AI workloads. 

Most current solutions treat AI tasks as standard computational processes, overlooking the 

distinct characteristics of machine learning operations such as model training, 

hyperparameter tuning, and real-time inference serving. These AI-specific processes create 

unique opportunities to optimize energy consumption that remain largely unexplored in the 

existing literature. 

 III. Proposed Framework 

A. System Architecture 

The Sustainable AI Infrastructure Framework (SAIF) is designed as a multi-layered 

architecture in which four interconnected components work together to reduce the 

environmental impact of AI operations while maintaining computational efficiency. 

Layer 1: Energy Source Management 

The first and foundational layer focuses on managing energy resources. It connects to 

renewable energy providers, electricity grid operators, and on-site power generation systems 

to continuously monitor energy availability and carbon intensity. This layer also tracks 

electricity prices and uses predictive analytics, based on weather forecasts and historical 
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energy generation data, to estimate the future accessibility of renewable energy sources such 

as solar and wind power. 

Layer 2: Workload Classification Engine 

AI workloads differ significantly in terms of processing requirements and time 

sensitivity. The workload classification engine analyses and categorizes tasks based on 

several key factors, including latency requirements, computational complexity, 

interpretability, and hardware dependencies. Tasks may be classified as real-time, near-real-

time, or batch processes, while computational demands may involve model training, fine-

tuning, or inference operations. Additionally, the system evaluates whether tasks can be 

paused and resumed and whether they primarily require GPUs, TPUs, or CPUs. 

Layer 3: Intelligent Scheduler 

The intelligent scheduling layer coordinates workload execution by aligning 

computational tasks with periods of high renewable energy availability. Using energy 

forecasts and workload classifications, this layer applies a multi-objective optimization 

strategy that seeks to balance three key factors: execution time, operational energy cost, and 

carbon emissions. Through adaptive scheduling, the framework ensures that energy-intensive 

AI operations are performed in the most sustainable and cost-efficient manner possible. 

Layer 4: Hardware Optimization Module 

The final layer focuses on improving hardware-level energy efficiency. It incorporates 

techniques such as dynamic voltage and frequency scaling, selective activation of computing 

components, and advanced thermal management mechanisms. These optimizations help 

reduce unnecessary power consumption while adapting system performance according to 

renewable energy availability and workload demands. Together, these strategies help 

maximize the sustainability and operational efficiency of AI infrastructure. 

 B. Scheduling Algorithm 



7 
Sustainable Intelligence: A Framework for Integrating Renewable Energy Sources in 

Artificial Intelligence Infrastructure 
 

Journal Name: IDCIJST- Innovation Development Council's International Journal of Science and Technology | 
Volume: 01 | Issue Number: 01 | Month: April–June | Publication Year: 2026 

We propose the Green Energy-Aware Scheduling Algorithm (GEAS), a multi-

objective optimization approach that reduces the environmental impact of AI workloads 

while maintaining system performance and reliability. The algorithm aims to minimize 

overall carbon emissions, operational delays, and power grid stress by intelligently 

scheduling computational tasks according to renewable energy availability. 

The optimization objective can be represented as: 

min(𝑥 + 𝑎)𝑛 = ∑ (𝑛
𝑘

)𝑥𝑘𝑎𝑛−𝑘
𝑛

𝑘=0
 

In this formulation, C_trepresents the carbon intensity at a given time t, while 

E_(i,t)denotes the energy consumed by the task iduring that period. The term D_irefers to the 

penalty associated with deadline violations for the task i, and P_(i,t)indicates the stress 

imposed on the power grid. The coefficients α, β, and γWeighing factors, are used to balance 

environmental impact, scheduling efficiency, and grid stability objectives. 

The algorithm operates under the following constraints: 

(𝑥 + 𝑎)𝑛 = ∑ (𝑛
𝑘

)𝑥𝑘𝑎𝑛−𝑘
𝑛

𝑘=0
 ∑_(i=1)^n▒E_(i,t) ≤G_t+B_t∀t∈"Time Slots"  

Here, R _ represents the computational requirements of each task, G_t denotes the renewable 

energy generation capacity available at time t, and B_t indicates the amount of energy 

accessible through battery storage systems. These constraints ensure that computational 

workloads are executed within available renewable energy limits while maintaining 

operational feasibility and energy efficiency. 

C. Implementation Considerations 

The proposed framework is designed to integrate seamlessly with existing 

orchestration and cloud management platforms via standardised application programming 
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interfaces (APIs). This compatibility enables organisations to adopt the framework without 

major modifications to their current infrastructure. 

To improve energy transparency, the system incorporates container-level energy 

monitoring, enabling precise tracking of power consumption for individual workloads and 

applications. This fine-grained monitoring helps identify energy-intensive processes and 

supports more efficient resource allocation and optimization strategies. 

The framework also supports edge computing environments through federated 

coordination protocols. These protocols enable geographically distributed edge sites to share 

and aggregate information about renewable energy availability, allowing workloads to be 

scheduled more efficiently across multiple locations. As a result, the system can maximize 

the use of renewable energy while maintaining reliable, scalable AI operations. 

IV. Experimental Methodology 

A. Testbed Configuration 

The experimental evaluation was conducted on a heterogeneous computing cluster 

designed to simulate real-world AI infrastructure environments. The testbed consisted of 64 

NVIDIA A100 GPUs distributed across eight computing nodes to support large-scale 

machine learning workloads. To incorporate renewable energy into the experimental setup, 

the system was connected to a 2 MW solar power array and a battery storage system with a 

total storage capacity of 4 MWh. 

In addition, the infrastructure maintained a connection to the main power grid and 

provided real-time monitoring of carbon intensity, enabling dynamic assessment of 

environmental impact during workload execution. Custom hardware instrumentation was also 

deployed to measure power consumption at the component level, allowing precise tracking of 

energy usage across processors, accelerators, and storage devices. 

B. Workload Characterization 
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To evaluate the effectiveness of the proposed framework, three representative 

categories of AI workloads were selected. 

Large Language Model Training: 

This workload involved pre-training a transformer-based language model containing 7 

billion parameters using large-scale text datasets. The task represented highly energy-

intensive training operations commonly used in modern AI research.  

Computer Vision Inference: 

Real-time image classification services were tested under varying request loads to 

simulate practical deployment scenarios in edge and cloud environments. This workload 

emphasized latency-sensitive inference operations.  

Reinforcement Learning: 

Distributed reinforcement learning experiments were conducted to train robotic 

control policies for dynamic, computationally demanding AI applications that require 

continuous interaction and optimization.  

C. Baseline Comparisons 

The performance of the proposed Sustainable AI Infrastructure Framework was 

compared against several existing scheduling approaches to evaluate its effectiveness. These 

baseline methods included: 

i. Baseline Scheduling: Conventional job scheduling without any consideration of 

energy efficiency or environmental impact.  

ii. Carbon-Aware Scheduling: A strategy that optimizes workload execution solely 

based on carbon intensity signals from the electricity grid.  

iii. Time-of-Use Optimization: An approach focused on minimizing electricity costs 

according to pricing fluctuations, without considering renewable energy availability.  

D. Evaluation Metrics 
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The experimental analysis utilized multiple evaluation metrics to measure both 

sustainability and system performance. These metrics included: 

Total carbon emissions measured in kilograms of CO₂ equivalent.  

Percentage of renewable energy utilized during workload execution.  

Deviation in job completion time compared to optimal scheduling performance.  

Quality of Service (quality of service) violations observed in latency-sensitive AI workloads.  

Together, these metrics provided a comprehensive assessment of the framework’s ability to 

balance environmental sustainability with operational efficiency and computational 

reliability. 

 V. Results and Discussion 

Evaluation Summary: Sustainable AI Infrastructure Framework (SAIF) 

This report provides a comprehensive evaluation of the SAIF framework, assessing its 

efficacy across four key dimensions: Energy Savings (Carbon Reductions), Renewable 

Energy Utilization, System Performance Impact, and Computational Scalability. 

A. Substantial Carbon Emissions Reductions 

The SAIF framework achieved significant reductions in carbon emissions (measured 

in kg CO₂) across all major AI workload categories, outperforming the baseline by 42.9% to 

63.2%. 

i. LLM Training: This workload benefited most from the adaptive scheduling, 

achieving a 63.2% reduction by shifting compute to the cleanest generation windows. 

ii. Vision Inference: Even latency-sensitive inference workloads saw a 42.9% reduction, 

optimizing operational runtime. 

iii. RL Training: This category achieved a 53.2% reduction, balancing heavy compute 

requirements with energy availability. 

B. Drastic Increase in Renewable Utilization 
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The framework's primary mechanism for reduction was its ability to synchronize 

workloads with clean energy. SAIF increased total renewable energy utilization from a 

baseline of 34% to 78%. Peak utilization is tightly correlated with solar generation windows, 

and the smart grid integration utilizes battery storage to sustain critical, high-priority 

workloads during intermittent generation periods. 

C. Minimal & Strategic Performance Impact 

To achieve these savings, a minor and strategic performance trade-off was required. 

Total job completion time increased by an average of 12% compared to an energy-agnostic 

baseline. 

Critically, this overhead was concentrated entirely in flexible batch workloads (such 

as pre-training and massive data processing). The intelligent priority-preservation 

mechanisms ensured that latency-sensitive inference tasks experienced 0% performance 

degradation, thereby maintaining critical Service Level Objectives (SLOs). 

D. Scalability for Production Workloads 

Finally, scalability analysis confirms SAIF is ready for production. The framework's 

overhead scales logarithmically rather than linearly. At production scale, SAIF adds a 

negligible computational burden of less than 2% to the cluster. Furthermore, the intelligent 

scheduler convergence time remains well within acceptable bounds for large-scale 

deployments, even in massive clusters of up to 10,000 GPUs. 

Data Visualization Infographic 

Below is a custom infographic chart that visualizes these four areas of evaluation, 

synthesizing your text and table data into a cohesive visual format. 

VI. Limitations and Future Work 

Although the proposed framework demonstrates promising results for sustainable AI 

infrastructure, several limitations should be recognized. The current system relies heavily on 
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accurate forecasting of renewable energy generation. During extreme weather conditions or 

unexpected environmental changes, forecasting accuracy may decline, potentially affecting 

scheduling efficiency and overall system performance. Furthermore, the present economic 

analysis primarily focuses on operational efficiency and does not fully address the long-term 

capital costs associated with installing and maintaining on-site renewable energy 

infrastructure. 

There are several important directions for future research and development. One 

potential extension is to integrate the framework with carbon credit trading systems to 

incentivize environmentally sustainable AI operations further. Another promising area is the 

use of federated learning techniques, where computational workloads can be dynamically 

distributed to regions with abundant renewable energy resources. 

Future work may also explore hardware-software co-design strategies to develop AI 

accelerators optimized for renewable energy-aware computing environments. In addition, 

expanding the framework to support edge computing scenarios with limited computational 

and energy resources would improve its applicability across decentralized and resource-

constrained systems. 

VII. Conclusion 

This study introduced the Sustainable AI Infrastructure Framework (SAIF), a holistic 

approach for integrating renewable energy resources into artificial intelligence infrastructure 

and computational workflows. By combining intelligent workload scheduling, efficient 

energy source management, and hardware-level optimization techniques, the framework 

demonstrates that substantial reductions in environmental impact can be achieved without 

significantly affecting computational performance or operational efficiency. 

The results of this research extend beyond technical advancements alone. As artificial 

intelligence continues to play an increasingly influential role in society, the environmental 
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consequences of large-scale AI systems must be addressed with equal importance. The 

proposed framework establishes a practical foundation for responsible and sustainable AI 

development, ensuring that technological progress remains aligned with environmental 

sustainability goals and global ecological limitations. 

Furthermore, the movement toward sustainable AI infrastructure should be viewed 

not only as an environmental necessity but also as an opportunity to redefine future 

computing paradigms. By synchronizing AI operations with renewable energy availability 

and natural energy cycles, it becomes possible to create intelligent systems that operate in 

harmony with the environment rather than placing additional strain on it. 
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