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The rapid advancement of artificial intelligence (AI) and machine learning (ML) has 

significantly increased computational demands, leading to substantial energy consumption and 

environmental impact. Recent studies highlight that large-scale AI models contribute notably to 

carbon emissions due to intensive training and deployment processes. This has motivated the 

emergence of Green Artificial Intelligence (Green AI), which emphasizes the development of 

energy-efficient, resource-aware, and environmentally sustainable AI systems.This paper 

presents a comprehensive review of energy-efficient machine learning techniques and 

sustainable computing approaches across model, system, and hardware levels. The study 

systematically analyzes key methodologies, including model compression, pruning, 

quantization, knowledge distillation, efficient neural architectures, edge computing, and 

hardware-aware optimization strategies. In addition, carbon-aware evaluation frameworks and 

metrics for quantifying energy consumption and environmental impact are critically examined. 

A comparative analysis is conducted to evaluate these techniques based on energy efficiency, 

performance trade-offs, scalability, and implementation complexity. The findings indicate that 

no single approach is universally optimal, and effective Green AI solutions require a hybrid 

integration of multiple optimization strategies. Furthermore, the review identifies key challenges 

such as the lack of standardized benchmarks, hardware heterogeneity, and limited real-world 

validation. Overall, this work highlights the importance of integrating sustainability into AI 

system design and provides insights to guide future research toward developing scalable and 

environmentally responsible intelligent systems. 
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1. Introduction 

The rapid advancement of artificial intelligence (AI) 

and machine learning (ML) has led to unprecedented 

improvements across diverse application domains, 

including healthcare, transportation, finance, and smart 

infrastructure. However, the increasing complexity and 

scale of modern AI models, particularly deep neural 
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networks and transformer-based architectures, have resulted 

in significant computational and energy demands. Recent 

studies indicate that training large-scale models can 

consume substantial electrical power and generate 

considerable carbon emissions, raising critical concerns 

regarding the environmental sustainability of AI systems 

[1]–[3]. This growing energy footprint has motivated the 

emergence of Green Artificial Intelligence (Green AI), a 

paradigm that emphasizes the development of energy-

efficient, resource-aware, and environmentally sustainable 

AI solutions. 

Traditional AI research has primarily focused on 

maximizing predictive performance, often overlooking the 

associated computational cost and environmental impact. 

This performance-centric approach has led to the 

proliferation of over-parameterized models requiring 

extensive training cycles on high-performance hardware 

such as GPUs and TPUs [4]. Consequently, there is a 

pressing need to shift toward efficiency-aware design 

principles that balance model accuracy with energy 

consumption, computational efficiency, and carbon 

footprint [5]. Green AI addresses this challenge by 

promoting techniques that reduce energy usage during 

model training and inference while maintaining competitive 

performance. 

In response to these concerns, a wide range of energy-

efficient machine learning techniques have been proposed, 

including model compression, pruning, quantization, 

knowledge distillation, and lightweight architecture design 

[6], [7]. In parallel, system-level innovations such as 

specialized hardware accelerators, edge computing 

paradigms, and energy-efficient data center infrastructures 

have further contributed to reducing the environmental 

impact of AI deployments [8]. Additionally, the 

introduction of carbon-aware evaluation metrics and 

sustainability benchmarks has enabled researchers to 

quantify and compare the energy efficiency of different AI 

models more effectively. 

Despite these advancements, the existing body of 

literature remains fragmented, with contributions dispersed 

across model-level optimization, hardware design, and 

system-level sustainability strategies. A comprehensive 

synthesis of these approaches is essential to provide a 

unified understanding of how energy efficiency can be 

systematically achieved in AI systems. Moreover, there is a 

lack of critical analysis regarding the trade-offs between 

model performance, computational cost, and environmental 

impact, which is crucial for guiding future research 

directions. 

Motivated by these challenges, this review paper aims 

to provide a structured and critical analysis of Green AI 

methodologies, focusing on energy-efficient machine 

learning techniques and sustainable computing approaches. 

The primary objectives of this study are as follows: 

 To present a comprehensive overview of energy-

efficient ML techniques, including model 

compression, optimization strategies, and 

lightweight architectures.  

 To examine system-level and hardware-driven 

approaches for sustainable AI deployment, 

including edge computing and specialized 

accelerators.  

 To analyze carbon-aware metrics and evaluation 

frameworks for quantifying AI energy 

consumption and environmental impact.  

 To provide a comparative assessment of existing 

approaches, highlighting their strengths, 

limitations, and practical trade-offs.  

 To identify key challenges and outline future 

research directions for advancing sustainable AI 

systems.  

The remainder of this paper is organized as follows. 

Section II introduces the background and fundamental 

concepts of Green AI. Section III discusses energy-efficient 

machine learning techniques. Section IV presents system-

level and hardware-based sustainability approaches. Section 

V explores carbon metrics and evaluation strategies. Section 

VI provides a comparative analysis of existing methods. 

Section VII outlines key challenges and future research 

directions. Finally, Section VIII concludes the paper. 

2. Background on Green Artificial 

Intelligence 

The concept of Green Artificial Intelligence (Green AI) 

has emerged as a response to the growing environmental 

concerns associated with large-scale AI systems. Unlike 

traditional AI paradigms that prioritize performance metrics 

such as accuracy and scalability, Green AI emphasizes the 

efficient utilization of computational resources, reduced 

energy consumption, and minimized carbon emissions 

throughout the AI lifecycle [9], [10]. This paradigm shift 

reflects a broader movement toward sustainable computing, 

where environmental impact is considered alongside model 

performance. 

The rapid expansion of deep learning models, 

particularly in natural language processing and computer 

vision, has significantly increased computational 

requirements. State-of-the-art models often involve billions 

of parameters and require extensive training on high-

performance computing infrastructures, leading to 

substantial energy usage and environmental cost [11]. 

Studies have shown that the carbon footprint of training a 

single large-scale model can be comparable to that of 

multiple households over extended periods, highlighting the 

urgency of adopting energy-aware AI practices [12]. 

Consequently, Green AI advocates for the development of 

models that achieve competitive performance with lower 

computational overhead. 

Green AI can be broadly characterized by three 

fundamental dimensions: model efficiency, system-level 

optimization, and carbon awareness. Model efficiency 

focuses on reducing the complexity of machine learning 

models through techniques such as parameter reduction and 

architectural optimization. System-level optimization 

involves leveraging energy-efficient hardware, distributed 

computing frameworks, and edge-based processing to 
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minimize energy consumption during deployment. Carbon 

awareness introduces mechanisms to measure and manage 

the environmental impact of AI systems, enabling more 

informed decision-making during model development and 

deployment [13]. 

Another important aspect of Green AI is the shift 

toward cost-aware and resource-aware evaluation 

frameworks. Traditional evaluation metrics primarily assess 

predictive accuracy without considering the computational 

resources required to achieve such performance. In contrast, 

Green AI promotes the integration of energy consumption, 

training time, and carbon emissions into the evaluation 

process, thereby encouraging the development of more 

sustainable AI models [14]. This transition is essential for 

aligning AI research with global sustainability goals and 

reducing the ecological footprint of large-scale AI 

deployments. 

Despite its growing importance, Green AI remains an 

evolving field with several open challenges. The lack of 

standardized benchmarks for measuring energy efficiency, 

the difficulty in accurately estimating carbon emissions 

across diverse hardware environments, and the trade-offs 

between performance and sustainability continue to hinder 

widespread adoption. Addressing these challenges requires 

a comprehensive understanding of both algorithmic and 

system-level innovations, which motivates the need for a 

structured review of existing techniques and approaches in 

this domain. 

3. Energy-Efficient Machine Learning 

Techniques 

The increasing computational demands of modern 

machine learning models have necessitated the development 

of energy-efficient techniques that reduce resource 

consumption while preserving predictive performance. 

These techniques primarily operate at the model level, 

focusing on optimizing network architecture, reducing 

parameter redundancy, and improving training efficiency. 

Among the most widely adopted approaches are model 

compression, quantization, knowledge distillation, and 

efficient architecture design, each contributing to the 

reduction of computational cost and energy consumption 

[15], [16]. 

Fig. 1 illustrates the overall Green AI framework, 

where data-driven learning is optimized through model-

level and system-level techniques, while energy 

consumption and carbon emissions are continuously 

monitored to ensure sustainable AI deployment.
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Fig. 1. Green AI system architecture integrating model-level, system-level, and hardware-level optimization for sustainable 

machine learning.

3.1 Model Compression and Pruning 

Model compression aims to reduce the size and 

complexity of deep neural networks by eliminating 

redundant parameters and operations. One of the most 

effective compression strategies is model pruning, which 

removes less significant weights, neurons, or entire layers 

from a trained network. Pruning techniques can be broadly 

categorized into unstructured pruning, which removes 

individual weights, and structured pruning, which 

eliminates entire filters or channels to improve hardware 

efficiency [17], [18]. 

Recent studies demonstrate that pruning can 

significantly reduce model size and inference latency while 

maintaining comparable accuracy levels. For instance, 

magnitude-based pruning selectively removes weights with 

minimal contribution to model output, resulting in reduced 

computational overhead and improved energy efficiency. 

Furthermore, hybrid approaches that combine pruning with 

other optimization strategies have shown enhanced 

performance gains. A joint pruning–quantization framework 

has been shown to achieve substantial energy reduction 

while maintaining accuracy, highlighting the effectiveness 

of integrated optimization techniques.  

3.2 Quantization Techniques 
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Quantization reduces the precision of model parameters 

and computations, typically converting high-precision 

floating-point representations into lower-bit formats such as 

8-bit or even binary representations. This reduction in 

precision leads to significant savings in memory usage, 

computational complexity, and energy consumption [19]. 

Modern quantization approaches include post-training 

quantization and quantization-aware training, both of which 

aim to preserve model accuracy while minimizing precision. 

Quantization-aware training, in particular, incorporates low-

precision constraints during model training, enabling the 

network to adapt to reduced numerical representation. 

Recent advancements have demonstrated that combining 

quantization with pruning can further enhance efficiency, 

achieving substantial reductions in both energy 

consumption and hardware resource utilization.  

3.3 Knowledge Distillation 

Knowledge distillation is a model compression 

technique in which a smaller student model is trained to 

replicate the behavior of a larger, more complex teacher 

model. This approach enables the deployment of 

lightweight models with significantly reduced 

computational requirements while retaining competitive 

performance [20]. 

In energy-constrained environments, such as edge 

devices and embedded systems, knowledge distillation 

plays a crucial role in enabling efficient inference. By 

transferring knowledge from high-capacity models to 

compact architectures, distillation reduces both training and 

inference costs. Recent studies highlight that distillation-

based approaches can achieve substantial energy savings 

without compromising model generalization, making them 

highly suitable for sustainable AI applications [21]. 

3.4 Efficient Neural Network Architectures 

Another critical direction in energy-efficient machine 

learning is the design of lightweight neural network 

architectures. Models such as MobileNet, EfficientNet, and 

ShuffleNet are specifically engineered to reduce 

computational complexity through techniques such as 

depthwise separable convolutions, neural architecture 

search, and parameter scaling [22]. 

These architectures are optimized for deployment on 

resource-constrained devices, enabling real-time inference 

with minimal energy consumption. Additionally, recent 

advances in hardware-aware model design incorporate 

constraints related to memory bandwidth, latency, and 

energy efficiency during the model development process. 

Such approaches ensure that the resulting architectures are 

not only accurate but also optimized for practical 

deployment scenarios. 

3.5 Training Optimization Strategies 

In addition to architectural improvements, several 

training optimization techniques have been proposed to 

reduce energy consumption during the learning process. 

These include early stopping, mixed-precision training, and 

gradient checkpointing, which collectively reduce 

computational overhead and memory usage. 

Mixed-precision training, for example, leverages 

lower-precision arithmetic during training to accelerate 

computation and reduce energy consumption, while 

maintaining model accuracy through dynamic loss scaling. 

Similarly, gradient checkpointing reduces memory 

requirements by selectively recomputing intermediate 

activations, thereby enabling efficient training of large 

models on limited hardware resources. 

Overall, energy-efficient machine learning techniques 

provide a comprehensive set of solutions for reducing the 

computational and environmental impact of AI systems. By 

combining model compression, efficient architectures, and 

optimized training strategies, it is possible to achieve a 

balance between performance and sustainability. However, 

the trade-offs between accuracy, efficiency, and deployment 

constraints remain a critical area of ongoing research, 

necessitating further investigation into integrated and 

adaptive optimization frameworks. 

4. System-Level and Hardware-Based 

Sustainable AI Approaches 

While model-level optimizations significantly reduce 

computational complexity, achieving truly sustainable AI 

systems requires innovations at the system and hardware 

levels. These approaches focus on optimizing the 

infrastructure on which AI models are trained and deployed, 

including edge computing, hardware accelerators, energy-

efficient data centers, and resource-aware scheduling 

frameworks. By addressing energy consumption beyond 

algorithmic design, system-level strategies play a crucial 

role in enabling scalable and environmentally sustainable AI 

deployments. 

4.1 Edge Computing for Energy Efficiency 

Edge computing has emerged as a key paradigm for 

reducing the energy footprint of AI systems by shifting 

computation closer to data sources. Instead of transmitting 

large volumes of data to centralized cloud servers, edge AI 

enables local processing on resource-constrained devices, 

thereby reducing communication overhead, latency, and 

energy consumption [23], [24]. 

Recent studies highlight that edge-based AI systems 

can significantly improve energy efficiency by minimizing 

data transmission and enabling real-time decision-making. 

For example, energy-aware task scheduling and offloading 

strategies in edge environments dynamically allocate 

computational workloads based on device capabilities and 

energy constraints, leading to optimized resource utilization 

[25].  

Furthermore, the integration of AI with Internet of 

Things (IoT) ecosystems has accelerated the adoption of 

edge computing, particularly in smart cities, healthcare, and 

industrial automation. In such environments, energy-

efficient inference on edge devices is essential to ensure 

scalability and sustainability. 

4.2 Specialized Hardware Accelerators 

The development of AI-specific hardware accelerators, 

such as GPUs, TPUs, and Neural Processing Units (NPUs), 
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has significantly improved the energy efficiency of machine 

learning workloads. These accelerators are designed to 

optimize parallel computation and reduce data movement, 

which is a major contributor to energy consumption in AI 

systems [26]. 

Recent advancements in hardware design have focused 

on dataflow-aware architectures and domain-specific 

accelerators, which adapt computation patterns to minimize 

memory access and energy usage. For instance, flexible 

neural processing units (NPUs) enable adaptive dataflows 

that reduce redundant computations and improve overall 

energy efficiency [27].  

Additionally, emerging paradigms such as 

neuromorphic computing and photonic accelerators offer 

promising directions for ultra-low-power AI systems by 

mimicking biological neural processes or leveraging optical 

computation mechanisms. These technologies aim to 

significantly reduce energy consumption while maintaining 

high computational throughput. 

4.3 Energy-Efficient Data Centers and Cloud 

Infrastructure 

Large-scale AI model training is predominantly 

conducted in cloud-based data centers, which are major 

contributors to global energy consumption. To address this 

challenge, significant efforts have been made to design 

energy-efficient data centers through optimized cooling 

systems, renewable energy integration, and workload-aware 

resource management [28]. 

Modern data centers employ techniques such as 

dynamic resource scaling, virtualization, and carbon-aware 

scheduling, which allocate computational resources based 

on energy availability and environmental impact. These 

strategies enable more efficient utilization of hardware 

resources and reduce overall energy consumption without 

compromising performance [29]. 

Moreover, cloud providers are increasingly 

incorporating renewable energy sources into their 

infrastructure, aligning AI operations with sustainability 

goals. Such initiatives play a critical role in reducing the 

carbon footprint of large-scale AI deployments. 

4.4 Resource-Aware Scheduling and Distributed Systems 

Efficient resource management is another critical 

component of sustainable AI systems. Resource-aware 

scheduling algorithms optimize the allocation of 

computational tasks across distributed systems, considering 

factors such as energy consumption, latency, and workload 

distribution [30]. 

In distributed and federated learning environments, 

energy efficiency is achieved by minimizing 

communication overhead and optimizing local 

computation. Techniques such as task offloading, load 

balancing, and energy-aware orchestration enable adaptive 

system behavior that reduces energy usage while 

maintaining system performance.  

Additionally, approximate computing techniques have 

been explored to further enhance energy efficiency by 

allowing controlled reductions in computational precision, 

thereby reducing energy consumption without significantly 

affecting output quality.  

Overall, system-level and hardware-based approaches 

complement model-level optimizations by addressing 

energy efficiency across the entire AI pipeline. The 

integration of edge computing, specialized hardware, and 

intelligent resource management strategies enables the 

development of scalable and sustainable AI systems. 

However, challenges related to hardware heterogeneity, 

deployment complexity, and trade-offs between 

performance and energy efficiency remain key areas for 

future research. 

5. Carbon Metrics and Evaluation in Green 

AI 

The increasing environmental impact of artificial 

intelligence systems has led to the development of carbon-

aware evaluation frameworks that quantify energy 

consumption and greenhouse gas emissions associated with 

machine learning models. Unlike traditional performance 

metrics that focus solely on accuracy, Green AI introduces 

multi-dimensional evaluation criteria, incorporating energy 

usage, carbon footprint, and computational efficiency into 

the assessment process [31], [32]. This paradigm shift is 

essential for enabling transparent and sustainable AI 

development. 

5.1 Carbon Footprint Estimation in AI Systems 

Carbon footprint estimation is a fundamental 

component of Green AI, typically expressed in terms of CO₂ 

equivalent emissions (CO₂eq) generated during model 

training and inference. The total carbon footprint of an AI 

system depends on several factors, including computational 

workload, hardware efficiency, energy source, and 

geographic location of data centers [33]. 

Recent studies have demonstrated that large-scale deep 

learning models can generate substantial emissions, 

sometimes reaching hundreds of tons of CO₂eq during 

training, thereby emphasizing the need for accurate 

measurement methodologies. These findings highlight the 

importance of incorporating carbon estimation into the AI 

development lifecycle to better understand environmental 

impact. 

Several tools and frameworks have been proposed to 

estimate AI-related carbon emissions, such as energy 

tracking libraries and lifecycle assessment models. These 

tools measure energy consumption at different stages of 

computation and convert it into carbon emissions based on 

regional energy mixes, providing a standardized approach 

for sustainability assessment [34]. 

5.2 Energy Consumption Metrics 

Energy consumption is another critical metric used to 

evaluate the efficiency of machine learning models. It is 

typically measured in terms of kilowatt-hours (kWh) 

consumed during training and inference phases. Energy 

usage varies significantly depending on model complexity, 

dataset size, and hardware configuration [35]. 
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To facilitate fair comparisons, researchers have 

proposed normalized metrics such as energy per training 

sample and energy per inference operation, which provide 

insights into the efficiency of different models under 

varying workloads. These metrics enable benchmarking 

across models and encourage the development of energy-

efficient architectures. Moreover, recent works emphasize 

the importance of reporting both training energy and 

inference energy, as the latter becomes increasingly 

significant in large-scale deployment scenarios. 

5.3 Carbon-Aware and Efficiency-Aware Benchmarks 

The integration of carbon and energy metrics into 

benchmarking frameworks has led to the emergence of 

carbon-aware AI benchmarks, which evaluate models based 

on both performance and environmental impact. These 

benchmarks aim to standardize evaluation practices and 

promote transparency in reporting [36]. 

Green AI advocates for the inclusion of efficiency-

performance trade-offs, where models are assessed not only 

based on accuracy but also on computational cost and 

environmental footprint. This approach encourages the 

development of models that achieve optimal performance 

with minimal resource consumption. Additionally, 

lifecycle-based evaluation frameworks consider the 

environmental impact of AI systems across all stages, 

including training, deployment, and maintenance. Such 

holistic evaluation strategies provide a more comprehensive 

understanding of sustainability in AI systems. 

5.4 Carbon-Aware Optimization and Scheduling 

Recent advancements have explored carbon-aware 

optimization techniques, which dynamically adapt model 

training and deployment based on energy availability and 

carbon intensity of power grids. For instance, scheduling 

computational tasks during periods of low carbon intensity 

can significantly reduce emissions without affecting model 

performance [37]. Similarly, cloud-based AI systems are 

increasingly adopting carbon-aware workload scheduling, 

which prioritizes energy-efficient resources and renewable 

energy sources. These approaches align AI operations with 

sustainability goals and contribute to reducing the overall 

carbon footprint of large-scale deployments. 

5.5 Challenges in Carbon Measurement and 

Standardization 

Despite the progress in carbon-aware evaluation, 

several challenges remain. One of the primary issues is the 

lack of standardized methodologies for measuring and 

reporting energy consumption and carbon emissions. 

Variations in hardware configurations, software 

frameworks, and energy sources make it difficult to 

establish consistent benchmarks across studies [38]. 

Furthermore, existing estimation tools often rely on 

simplified assumptions that may not accurately capture real-

world energy usage. The absence of unified reporting 

standards and transparent evaluation frameworks continues 

to hinder the comparability and reproducibility of Green AI 

research.[39][40] 

Addressing these challenges requires the development 

of standardized metrics, improved measurement tools, and 

comprehensive evaluation protocols that consider the entire 

lifecycle of AI systems. 

Overall, carbon metrics and evaluation frameworks 

play a crucial role in advancing Green AI by enabling the 

quantification and comparison of environmental impact 

across different models and systems. By integrating energy 

and carbon considerations into model evaluation, 

researchers can promote the development of sustainable AI 

solutions that balance performance with environmental 

responsibility. 

6. Comparative Analysis of Green AI 

Techniques 

A comprehensive comparison of existing Green AI 

techniques is essential to understand the trade-offs between 

model performance, energy efficiency, and deployment 

feasibility. While individual approaches such as pruning, 

quantization, and edge computing demonstrate significant 

improvements in isolation, their effectiveness varies 

depending on the application domain, hardware 

environment, and system constraints [41][42][43]. 

Recent studies emphasize that Green AI should be 

evaluated as a multi-objective optimization problem, where 

accuracy, energy consumption, and carbon emissions must 

be jointly considered rather than optimized independently. 

This necessitates a structured comparison of techniques 

across multiple dimensions, including efficiency gains, 

scalability, and practical limitations [44]. 

6.1 Comparative Evaluation Framework 

To systematically analyze Green AI techniques, the 

following evaluation dimensions are considered: 

 Energy Efficiency Gain: Reduction in energy 

consumption (training/inference)  

 Model Performance Impact: Accuracy trade-off 

after optimization  

 Hardware Dependency: Requirement for 

specialized hardware  

 Scalability: Suitability for large-scale deployment  

 Implementation Complexity: Ease of integration 

into existing pipelines  

These dimensions align with recent Green AI 

evaluation frameworks that advocate joint reporting of 

performance and environmental impact. 

6.2 Comparative Analysis Table 

Technique Level 
Energy 

Saving 

Performance 

Impact 

Hardware 

Dependency 
Scalability Key Limitation 

Model Pruning 
Model-

level 
High 

Slight accuracy 

loss 
Low High 

Requires fine-

tuning 
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Quantization 
Model-

level 
High 

Minimal (if 

optimized) 
Medium High 

Precision 

degradation 

Knowledge 

Distillation 

Model-

level 

Moderate–

High 
Minimal Low High 

Depends on 

teacher model 

Efficient 

Architectures 

Model-

level 
High Maintained Medium High Design complexity 

Edge Computing 
System-

level 
High Maintained Medium–High Medium 

Limited device 

capacity 

Hardware 

Accelerators 

Hardware-

level 
Very High Maintained High High 

Cost and 

availability 

Data Center 

Optimization 

System-

level 

Moderate–

High 
No impact High Very High 

Infrastructure 

dependency 

Carbon-Aware 

Scheduling 

System-

level 
Moderate No impact Medium High 

Requires energy 

data integration 

 

Fig.2. Trade-off between model accuracy and energy consumption in Green AI, illustrating the balance between high-

performance models and energy-efficient optimization techniques 

As shown in Fig. 2, there exists an inherent trade-off 

between model accuracy and energy consumption, where 

high-performance models achieve superior accuracy at the 

cost of increased computational resources, while energy-

efficient techniques aim to operate within an optimal region 

that balances performance and sustainability. 

6.3 Key Observations and Insights 

6.3.1 No Single Technique is Universally Optimal 

The comparative analysis reveals that no single Green 

AI technique consistently outperforms others across all 

scenarios. Model-level approaches such as pruning and 

quantization offer broad applicability and ease of 

integration, whereas system-level strategies such as edge 

computing and data center optimization provide greater 

impact in large-scale deployments. This indicates that the 

effectiveness of a given technique is highly dependent on 

application requirements, hardware constraints, and 

deployment environments. Consequently, a hybrid approach 

that combines multiple optimization strategies is often 

necessary to achieve optimal energy efficiency. 

6.3.2 Trade-off between Efficiency and Accuracy 

A fundamental challenge in Green AI is the trade-off 

between energy efficiency and model performance. 

Aggressive optimization techniques, such as high-level 

pruning or low-bit quantization, can significantly reduce 

energy consumption but may introduce accuracy 

degradation. Conversely, conservative optimization 

maintains performance but yields limited energy savings. 

This trade-off necessitates the development of adaptive 

optimization frameworks that balance efficiency and 

accuracy based on application-specific requirements. 

6.3.3 Importance of Hardware-Aware Design 

The analysis highlights that the effectiveness of energy-

efficient techniques is closely tied to the underlying 

hardware infrastructure. Techniques such as quantization 

and neural architecture optimization often achieve 

maximum efficiency only when aligned with hardware 

capabilities, such as memory bandwidth and parallel 

processing support. As a result, Green AI solutions must 

consider hardware–software co-design, where model 

architectures are developed in conjunction with target 

hardware platforms to achieve optimal energy efficiency. 
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6.3.4 System-Level Approaches Offer Greater Real-

World Impact 

While model-level optimizations reduce computational 

complexity, system-level approaches provide a more 

comprehensive reduction in energy consumption across the 

AI lifecycle. Techniques such as edge computing, energy-

efficient data centers, and resource-aware scheduling 

address energy usage during both training and deployment 

phases. These approaches are particularly effective in real-

world scenarios where large-scale data processing and 

continuous inference are required, making them critical for 

sustainable AI deployment. 

6.3.5 Emerging Shift toward Carbon-Aware AI Systems 

A notable trend observed in recent research is the shift 

toward carbon-aware AI, where environmental impact is 

explicitly incorporated into model evaluation and 

deployment strategies. This includes the use of carbon 

footprint metrics, energy-aware benchmarking, and carbon-

aware scheduling techniques. Such developments indicate a 

transition from traditional performance-driven AI toward 

sustainability-driven AI, where environmental 

considerations play a central role in system design and 

evaluation. 

7. Challenges and Future Research Directions  

Despite the rapid progress in Green Artificial 

Intelligence, several critical challenges continue to hinder 

its widespread adoption and practical deployment. 

Addressing these challenges is essential for achieving truly 

sustainable AI systems and aligning technological 

advancements with global environmental goals [45]. 

7.1 Key Challenges in Green AI 

7.1.1 Lack of Standardized Evaluation Frameworks 

One of the primary challenges in Green AI is the 

absence of universally accepted standards for measuring 

energy consumption and carbon emissions. Existing studies 

often employ different methodologies, metrics, and 

experimental setups, making it difficult to compare results 

across research works. This lack of standardization limits 

reproducibility and hinders the development of consistent 

benchmarking frameworks [46]. 

7.1.2 Hardware and Infrastructure Heterogeneity 

The performance and energy efficiency of AI systems 

are highly dependent on underlying hardware 

configurations. Variations in GPUs, TPUs, edge devices, 

and data center infrastructures introduce inconsistencies in 

energy measurements and optimization outcomes. 

Moreover, the environmental impact of AI extends beyond 

computation to include hardware manufacturing, resource 

extraction, and electronic waste, which are often overlooked 

in current studies. 

7.1.3 Trade-off between Performance and Sustainability 

A persistent challenge in Green AI is balancing model 

accuracy with energy efficiency. While optimization 

techniques such as pruning and quantization reduce 

computational cost, they may degrade model performance if 

not carefully implemented [47]. This trade-off complicates 

the adoption of energy-efficient models in critical 

applications where accuracy is paramount. 

7.1.4 Limited Real-World Deployment and Validation 

Most Green AI techniques are evaluated in controlled 

experimental environments, with limited validation in real-

world deployment scenarios. The lack of large-scale 

empirical studies makes it difficult to assess the practical 

effectiveness and scalability of proposed methods. 

Furthermore, industry adoption remains limited due to 

insufficient awareness and lack of practical implementation 

guidelines [48]. 

7.1.5 Insufficient Integration of Sustainability into AI 

Lifecycle 

Current research primarily focuses on optimizing 

individual components such as models or hardware, rather 

than considering the entire AI lifecycle. Sustainable AI 

requires a holistic approach that includes data collection, 

model training, deployment, maintenance, and end-of-life 

considerations. The absence of lifecycle-based frameworks 

limits the overall effectiveness of Green AI initiatives 

[49][50]. 

7.2 Future Research Directions 

7.2.1 Development of Standardized Green AI 

Benchmarks 

Future research should focus on establishing 

standardized evaluation frameworks that integrate energy 

consumption, carbon emissions, and performance metrics. 

The development of universally accepted benchmarks will 

enable fair comparison across models and promote 

transparency in reporting. 

7.2.2 Hardware–Software Co-Design for Sustainability 

There is a growing need for integrated design 

approaches that jointly optimize machine learning 

algorithms and hardware architectures. Hardware-aware 

model design, combined with energy-efficient accelerators, 

can significantly improve system-level efficiency and 

enable scalable Green AI solutions. 

7.2.3 Carbon-Aware and Adaptive AI Systems 

Future AI systems should incorporate carbon-

awareness into their operational frameworks. This includes 

dynamic scheduling based on energy availability, adaptive 

model selection, and real-time optimization strategies that 

minimize environmental impact without compromising 

performance. 

7.2.4 Lifecycle-Based Sustainability Modeling 

Developing comprehensive lifecycle assessment 

models for AI systems is essential to capture the full 

environmental impact, including hardware production, 

operational energy usage, and disposal. Such models will 

provide a more accurate representation of sustainability and 

guide responsible AI development. 

7.2.5 Integration of Green AI with Policy and 

Governance 
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The alignment of AI development with environmental 

regulations and sustainability policies is crucial for large-

scale adoption. Future research should explore governance 

frameworks, regulatory standards, and industry practices 

that promote responsible and sustainable AI deployment. 

7.2.6 Interdisciplinary Research and Collaboration 

Green AI is inherently interdisciplinary, requiring 

collaboration across computer science, environmental 

science, energy systems, and policy domains. Future 

research should emphasize cross-domain integration to 

address complex sustainability challenges and develop 

holistic AI solutions. 

7.3 Summary 

In summary, while Green AI presents promising 

solutions for reducing the environmental impact of artificial 

intelligence, significant challenges remain in 

standardization, scalability, and real-world adoption. 

Addressing these challenges through interdisciplinary 

research, standardized frameworks, and system-level 

innovations will be critical for advancing sustainable AI 

systems in the future. 

8. Conclusion 

This review presented a comprehensive analysis of 

Green Artificial Intelligence (Green AI), focusing on 

energy-efficient machine learning techniques and 

sustainable computing approaches across model, system, 

and hardware levels. The study highlighted that the rapid 

growth of AI systems has introduced significant energy 

consumption and environmental concerns, necessitating a 

shift toward sustainability-aware design and evaluation 

frameworks. Recent advancements demonstrate that 

techniques such as model compression, quantization, 

efficient architectures, and hardware-aware optimization 

can substantially reduce computational cost while 

maintaining competitive performance. 

The comparative analysis revealed that no single 

technique is universally optimal, and effective Green AI 

solutions require a hybrid integration of model-level, 

system-level, and infrastructure-level optimizations. 

Furthermore, the emergence of carbon-aware metrics and 

evaluation frameworks has enabled more transparent 

assessment of environmental impact, although challenges 

related to standardization and reproducibility remain. The 

study also emphasized the importance of lifecycle-based 

sustainability, where environmental considerations extend 

beyond training to include deployment, maintenance, and 

hardware implications. 

Despite notable progress, several open challenges 

persist, including the lack of unified benchmarking 

standards, hardware heterogeneity, and the trade-off 

between performance and energy efficiency. Addressing 

these issues requires interdisciplinary collaboration and the 

development of standardized frameworks that integrate 

energy, carbon, and performance metrics into a unified 

evaluation paradigm. 

In conclusion, Green AI represents a critical direction 

for the future of artificial intelligence, where sustainability 

is treated as a fundamental design objective rather than an 

afterthought. Advancing this paradigm will require 

coordinated efforts in algorithm design, hardware 

innovation, and policy development to ensure that AI 

systems remain both technologically powerful and 

environmentally responsible. 
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