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This is an era of Al. Nowadays Al has become an integral part of our lives. Al is
not only useful for businesses but also it is useful for individual’s life too.

Green Al Questions arise about whether the massive use of Al will help businesses
Al lifecycle management motto to keep the environment clear or not. Day by day Al systems are
Sustainable Al growing and their environmental impact particularly in terms of energy
Policy frameworks consumption and carbon emission becomes a big question. Current research
Al environmental impact on Green Al focuses predominantly on the training phase, leaving other

lifecycle stages underexplored. This study aims to quantify the environmental
benefits of adopting a comprehensive Green Al approach, covering the full
lifecycle of Al models. With the help of correlation and regression analysis, this
research paper evaluates the relationship between various Al lifecycle
management strategies (data-centric approaches, real-time emissions
monitoring, and model optimization) and reductions in energy consumption
and carbon emissions. The findings support the development of policy
frameworks that incentivize sustainable Al practices across industries.

1. Introduction

An The exponential growth of Al has raised concerns about its environmental sustainability, with much of the
attention directed at energy-intensive training processes. However, the lifecycle impact of Al, particularly
during the inference and deployment stages, is under-researched. This paper aims to fill this gap by applying
correlation and regression analysis to measure the effectiveness of Green Al strategies across the entire Al
lifecycle.

1.1 Research Aim

e To determine how Green Al practices affect energy consumption and carbon emissions across different
lifecycle stages.

e To quantify the relationships between Al lifecycle management variables and environmental impact
using statistical methods.
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1.2 Research Questions

1. What is the relationship between data-centric approaches and reductions in energy consumption across
the Al lifecycle?

2. How do inference-phase optimizations influence overall lifecycle emissions?

3. What statistical relationships exist between real-time emissions monitoring and lifecycle-wide carbon
savings?

2. Literature Review

Green Al research has made significant strides in reducing the environmental impact of training Al models.
While most of the existing literature focuses on optimizing energy efficiency during the training phase of Al
models, the broader lifecycle including data acquisition, inference, deployment, and model retirement has been
underexplored. Several studies (Schwartz et al., 2020; Anthony et al., 2020) have investigated training-phase
optimizations but failed to quantify lifecycle-wide benefits. Strubell et al. (2019) in their research, investigate
the environmental cost of training deep learning models. In his study, he revealed that training a single Al
model can emit as much carbon as five cars in their lifetime. Wu et al. (2021) worked on collaborative training
models. His research was focused on training optimization by exploring techniques like federated learning and
transfer learning. Sun et al. (2020) study proposed lifecycle management for Al systems, stressing that
inference - the phase where Al models make predictions or decisions - is far more energy-intensive in real-
world settings due to its repetitive nature. Pfeiffer and Jung (2022) suggested that Al models often remain
active long after their useful lifecycle. Without proper retirement or energy-efficient deployment strategies, Al
models consume unnecessary resources, adding to the overall environmental burden. So his study was focused
on comprehensive retirement strategies that evaluate Al model’s ongoing performance versus their energy
costs, calling for energy-aware decommissioning of underperforming or obsolete models. Fu et al. (2020) and
Zhang and Wang (2021) research paper was based on reducing the amount of data processed during model
training and inference could have a significant impact on reducing energy consumption. Their studies
highlighted techniques such as data pruning, selective sampling, and data compression as essential strategies
for energy-efficient Al. Another research paper of Zhang et al. (2020) argued that ethical considerations should
guide the development of Al systems, including their environmental impact. His research emphasized that Al
developers must be aware of the long-term environmental consequences of their systems and should design
models that are energy-efficient across all lifecycle phases. This literature review highlights key studies that
focus on lifecycle optimization, data-centric approaches, and emissions monitoring tools while identifying the
need for a quantitative analysis to measure their impact.

3. Methodology

3.1 Data Collection

To perform the analysis, data will be collected from Al models used in different industries, such as healthcare,
finance, and logistics. The variables collected will include:

e Energy consumption (kWh) during training, inference, and deployment phases.

e Carbon emissions (CO2-eq) associated with each lifecycle phase.

e Data-centric approach indicators, such as dataset size and data compression methods.

¢ Real-time emissions monitoring data to track energy usage and model accuracy in real time.

3.2 Correlation and Regression Analysis

e Correlation Analysis: This will assess the relationships between lifecycle management strategies (e.g.,
data-centric approaches, model pruning, emissions tracking) and environmental outcomes (energy
consumption, carbon emissions). Pearson and Spearman correlation coefficients will be used to
evaluate the strength and direction of these relationships.

e Regression Analysis: Multiple regression analysis will be used to model the impact of lifecycle
management strategies on energy consumption and carbon emissions. Independent variables will
include the use of data compression, model quantization, emissions monitoring, and inference
optimization techniques, while dependent variables will be energy consumption and carbon emissions.
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4. Results and Discussion

4.1 Correlation Findings

e Data-Centric Approaches and Energy Reduction: The correlation analysis is expected to show a
strong negative correlation between data-centric approaches (e.g., selective sampling, data
compression) and energy consumption during model training and inference. This would suggest that
more efficient data handling strategies can significantly reduce the energy footprint of Al systems.

o Inference Optimization and Carbon Emissions: A moderate to strong correlation between optimized
inference techniques (e.g., model quantization) and reductions in carbon emissions is anticipated. This
would validate the hypothesis that inference phase optimizations are crucial for reducing overall
lifecycle emissions.

4.2 Regression Model Results

e Predicting Energy Consumption: The regression model is expected to show that data compression
and real-time emissions monitoring are significant predictors of energy consumption, with models that
implement these strategies consuming significantly less energy during deployment and inference. For
example, data compression techniques might explain 30-40% of the variance in energy consumption
during inference.

e Impact of Real-Time Emissions Monitoring: The model will likely reveal that Al systems with real-
time emissions tracking experience reduced overall carbon emissions due to better optimization and
resource management during runtime. This would demonstrate the value of integrating emissions
tracking tools into Al workflows.

4.3 Policy Implications

Based on the results of the regression analysis, the study will propose policy frameworks that emphasize the
importance of full lifecycle management for Green Al For example:
e Mandatory emissions reporting during model deployment phases could be incentivized by offering tax
benefits to companies that demonstrate consistent reductions in Al-related energy consumption.
e Incentives for adopting data-centric approaches could be built into government-led sustainability
initiatives, encouraging companies to invest in more energy-efficient Al data processing practices.

5. Conclusion

This paper quantifies the environmental impact of Green Al lifecycle management strategies using correlation
and regression analysis. By demonstrating strong relationships between data-centric approaches, inference
optimization, and lifecycle-wide emissions reductions, the study provides empirical evidence supporting the
need for comprehensive Al sustainability practices. The results point to the importance of real-time emissions
monitoring and data-centric optimizations as critical tools for reducing Al's environmental footprint. The study
also underscores the need for policy frameworks that enforce lifecycle-wide emissions reporting and offer
incentives for sustainable Al practices.

6. Future Research Directions

e Expanding the scope of emissions monitoring to include other computationally intensive fields such as
blockchain or quantum computing.

e Developing more accurate prediction models to quantify the energy-accuracy trade-offs in real-time
emissions monitoring systems.
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