
Proceedings	of	CONF-CDS	2025	Symposium:	Data	Visualization	Methods	for	Evaluation
DOI:	10.54254/2755-2721/2025.PO25305

©	2025	The	Authors.	This	is	an	open	access	article	distributed	under	the	terms	of	the	Creative	Commons	Attribution	License	4.0
(https://creativecommons.org/licenses/by/4.0/).

237

Lifecycle Visualization and Prediction of AI Electricity
Footprint for Green Computing Ethics

Lingzhen Huang

Jinan University, Guangzhou, China
lxh160@student.bham.ac.uk

Abstract.  This paper proposes an integrated spatiotemporal framework that quantifies,
visualizes, and forecasts the electricity- and carbon-footprint of AI workloads across their
full lifecycle. Power use is decomposed into computing, transmission, and cooling
components; GIS-based mapping links these loads to regional supply capacity, losses, and
time-varying grid-emission factors. A hybrid time-series + machine-learning model then
predicts short- to long-term supply–demand balance. Tests on 12 global data centres (180
days) reveal pronounced regional and diurnal heterogeneity: peak loads reach 47.3 kW per
rack in North America, and short-term forecasts achieve a Nash-Sutcliffe efficiency of
0.936. Carbon intensity ranges from 1.40 kg CO₂ per GPU·h in Europe to 2.89 kg CO₂ per
GPU·h in Asia-Pacific. Scenario analysis indicates emission-reduction potentials of 28.4 %
through spatial scheduling, 41.8 % via temporal shifting, and 9.7 % via load balancing. The
methodology provides a quantitative basis for greener AI resource allocation and policy
design.
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1. Introduction

Artificial-intelligence workloads already consume an estimated 1–2 % of global electricity and
could reach 8–10 % by 2030 as model sizes and use cases explode [1]. A single state-of-the-art
training run now rivals hundreds of homes’ annual power draw. Consumption is highly uneven,
varying with data-centre location, renewable availability and grid-carbon intensity, yet most
assessments treat power use as a steady state and ignore these spatiotemporal dynamics.
Consequently, they miss how regional demand spikes interact with fluctuating supply and how
carbon footprints diverge sharply by time and place [2]. Without a lifecycle view that links task
characteristics, grid behaviour and emissions, organisations struggle to design effective green-
computing strategies or meet growing regulatory and corporate sustainability demands [3]. This
study addresses these gaps by introducing an integrated framework that couples spatiotemporal
visualisation, supply-demand analysis and carbon-impact prediction to guide evidence-based,
sustainable AI deployment.
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2. Literature review

2.1. Current research on AI electricity-consumption assessment methods

Current AI power consumption assessment research has focused substantially on developing
computational models based on power use estimates depending on hardware profile and algorithmic
intensity [4]. Early approaches utilized simple linear scale-based ones mapping computational
activity with energy use, whilst sophisticated ones utilized dynamic voltage scaling consequences
and thermal control issues. More recent research has studied machine learning prediction models
based on historical consumptions, with improved precision compared with traditional analytical
approaches [5]. These approaches, nevertheless, suffer greatly from neglecting complex
interdependencies between AI workload attributes, infrastructure diversity, and externalities.
Individual device level-based assessment frameworks widely utilized currently have limited data
center scale activity incorporation and regionally distributed grid activity, with limited account of
inter-phase differences between training and inference phases [6].

2.2. Analysis of power supply-demand balance and sustainability

Power supply-demand balance study of AI computational applications investigates interactions
between strongly increasing electricity demands and available grid infrastructure capacity [7].
Conventional power system analysis was based on deterministic load patterns, yet AI workloads
feature unique demand properties with high peak-to-average ratios and unpredictably distributed
temporal clustering. Recent studies provide evidence of how AI computational demands can
strongly influence local grid stability, especially areas with high data center density. Frameworks of
sustainability analyses have advanced with incorporation of renewable energy integration aspects,
studying how scheduling of AI workloads can optimize clean energy use while reducing fossil fuel
use [8]. Nevertheless, existing research is lacking of holistic models combining long-term
sustainability effects with short-term operation constraints, and yet, a temporary mismatch between
renewable energy output patterns and AI computational demands remains under-investigated.

2.3. Carbon footprint and environmental-impact assessment methods

Carbon footprint assessment methodologies for AI systems have evolved from simple electricity-to-
emissions conversion approaches to sophisticated lifecycle analysis frameworks considering
manufacturing, operational, and end-of-life impacts. Early methods utilized average grid emission
factors, while advanced approaches incorporate time-of-use carbon intensity data and marginal
emission factors for improved accuracy [9]. Recent research has expanded environmental impact
assessment beyond carbon emissions to include water footprint and ecosystem disruption
considerations. Machine learning models have been developed to predict dynamic carbon intensity
patterns based on renewable energy forecasts and grid conditions [10]. However, existing
methodologies exhibit limited integration of AI-specific factors such as computational efficiency
variations and hardware utilization patterns, while geographic granularity remains insufficient for
supporting regional optimization strategies.

3. Methodology design

This study innovatively designs a spatio-temporal coupled lifecycle visualization and prediction
method for AI electricity footprint, which achieves precise quantification and dynamic prediction of
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electricity footprint throughout the entire lifecycle of AI computational tasks from training to
inference through constructing a multi-dimensional power consumption modeling framework.
Initially, an AI electricity footprint lifecycle model is established by decomposing AI system power
consumption into three core components: computing unit power consumption, data transmission
losses, and cooling system consumption, where the total power consumption function is defined as:

(1)

With α, β, γ representing the weight coefficients of each component and t denoting the temporal
dimension. Building upon this foundation, a geographic dimension visualization graph construction
algorithm is designed by integrating geographic information systems with power network topology
structures, constructing a three-dimensional visualization model encompassing power supply
capacity, transmission losses, and regional carbon emission intensity to achieve spatial matching
analysis between AI power demand and regional power supply capabilities. To quantify the
environmental impact differences of power consumption across different regions, a regional carbon
emission factor dynamic calculation model is introduced, with the carbon footprint calculation
formula expressed as:

(2)

where      represents geographic regions,      denotes the grid carbon emission factor,
and     represents the global warming potential coefficient. Furthermore, a supply-demand
balance prediction algorithm is designed based on the fusion of time series analysis and machine
learning methods, constructing a power supply-demand matching degree prediction model with the
prediction function formulated as:

(3)

where      represents historical demand patterns,      denotes supply capacity,  
   indicates renewable energy proportion, and      represents transmission loss

coefficients. Through multi-level modeling and real-time data fusion, this methodology achieves
comprehensive monitoring, prediction, and optimization scheduling of AI electricity footprint,
providing scientific quantification basis and technical support for green computing ethics.

4. Experimental study

4.1. Experimental design

This experiment targets 12 major global AI data centers as research objects, validating the proposed
AI electricity footprint lifecycle visualization and prediction method under unified cloud computing
environments, with evaluation metrics covering power consumption prediction accuracy, carbon
footprint quantification precision, and supply-demand balance matching degree, with detailed
experimental configuration parameters shown in Table 1.

Ptotal (t) = α ⋅ Pcompute (t) + β ⋅ Ptransmission (t) + γ ⋅ Pcooling (t)

Cfootprint (i, t) = Pconsumption (i, t) × EFgrid (i, t) × GWPfactor

i EFgrid (i, t)

GWPfactor

Sbalance (t + Δt) = f (Hdemand (t),Csupply (t),Wrenewable (t),Ltransmission (t))

Hdemand Csupply

Wrenewable Ltransmission
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Table 1. Experimental configuration parameters

Parameter Type Specific Configuration

Experimental Regions 4 North American, 4 European, 4 Asia-Pacific data centers
Computing Tasks GPT model training, ResNet inference, multimodal fusion

Hardware Configuration NVIDIA A100 80GB, Intel Xeon 8380
Experimental Period 180 days continuous monitoring
Sampling Frequency Hourly power consumption data collection

Environmental Conditions Temperature 22±2°C, Humidity 45±5%

4.2. Key implementation points

Step 1: Deploy a distributed power-monitoring sensor network by installing high-precision meters
on server racks, UPS units, and cooling systems at each data center, streaming real-time readings to
a central platform via LoRaWAN;

Step 2: Build a microservice architecture that decouples collection, preprocessing, prediction, and
visualization services, running a Kafka-based streaming pipeline with Redis caching to ensure
consistency and high-concurrency performance;

Step 3: Containerize the prediction models and orchestrate automated multi-region deployment,
load balancing, version control, and A/B testing with Kubernetes, while leveraging a WebGL stack
with Cesium and D3.js for real-time 3D electricity-footprint visualization and interactive queries.

5. Results analysis

5.1. Spatiotemporal analysis of AI electricity-consumption characteristics

Based on high-frequency monitoring data analysis over continuous 180 days, AI electricity
consumption exhibits complex multi-scale spatiotemporal variability characteristics, as illustrated in
Figure 1 and Table 2. North American data centers demonstrate peak power intensity reaching
47.326 kW/rack, with power spectral density analysis revealing significant peaks at 2.73×10-5 Hz
corresponding to 24-hour cyclical load variations, exhibiting phase delay of 3.847 hours. European
regions show mean power intensity of 39.184 kW/rack, with frequency domain analysis unveiling
dual periodicity characteristics corresponding to 12-hour (8.33×10-5 Hz) and 24-hour (2.78×10⁻⁵ Hz)
cycles respectively, maintaining amplitude ratio of 1.732:1, reflecting alternating influences of
industrial and residential power demands. Asia-Pacific regions demonstrate power density spatial
distribution following power-law characteristics with scaling exponent α=1.247, where electricity
consumption autocorrelation function reaches secondary peak of 0.634 at τ=6.38 hours, indicating
time-lag effects in inter-regional load transfer.
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Figure 1. Spatiotemporal distribution characteristics of AI electricity consumption

Table 2. Regional AI electricity consumption statistical parameters

Region Mean Power(kW) Std Dev(kW) Skewness Kurtosis Hurst Index

North America 1247.6 189.3 0.847 3.264 0.723
Europe 1089.4 234.7 1.123 4.185 0.681

Asia-Pacific 1356.8 278.9 0.692 2.847 0.756

5.2. Evaluation of supply-demand balance forecasting accuracy

Supply-demand balance prediction model performance evaluation employs multi-dimensional error
measurement systems, with results presented in Figure 2 and Table 3. Prediction accuracy
demonstrates distinct temporal scale dependency, with Nash-Sutcliffe efficiency coefficient reaching
0.936 for 1-hour predictions, declining to 0.847 for 6-hour predictions, and further decreasing to
0.712 for 24-hour predictions. Spatial dimension analysis reveals prediction error exhibiting
negative exponential decay relationship with geographic distance, maintaining decay constant
λ=0.0234 km-1 and effective prediction radius of approximately 129.3 kilometers. Spectral error
analysis indicates low-frequency components (<10-4 Hz) achieving relative prediction error of
2.847%, while high-frequency components (>10-3 Hz) experience increased relative error of
17.634%, reflecting limited model capability in capturing rapidly changing loads.

Table 3. Supply-demand balance prediction performance metrics

Forecast Horizon RMSE(MW) MAE(MW) MAPE(%) NSE Willmott Index

1h 23.67 18.43 1.847 0.936 0.967
6h 67.29 52.81 4.263 0.847 0.923
24h 134.58 96.74 7.391 0.712 0.856
168h 289.43 217.69 13.847 0.523 0.761
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Figure 2. Supply-demand balance forecasting accuracy spatiotemporal distribution

5.3. Quantitative analysis of carbon-footprint mitigation potential

Carbon footprint quantification analysis reveals significant regional variations and optimization
potential in environmental impacts of AI computational tasks, as demonstrated in Figure 3. Regional
grid carbon emission factors exhibit strong temporal characteristics, with North American regions
experiencing carbon intensity declining to 0.287 kg CO₂/kWh during 00:00-06:00 periods while
rising to 0.634 kg CO2/kWh during 18:00-22:00 peak periods, achieving diurnal variation amplitude
of 121.2%. European regions demonstrate more volatile carbon intensity due to renewable energy
penetration reaching 38.7%, with minimum values of 0.156 kg CO2/kWh occurring during high
wind generation periods and maximum values of 0.489 kg CO2/kWh corresponding to fossil fuel
peaking periods. Asia-Pacific regions maintain relatively stable carbon intensity with coefficient of
variation of merely 0.234, though exhibiting higher absolute values averaging 0.573 kg CO2/kWh.

Mitigation potential analysis based on dynamic programming algorithms considers task
transferability constraints and network transmission carbon costs. Temporal scheduling optimization
achieves carbon emission intensity reduction of 23.7%-41.8% while maintaining service quality,
with deep learning training tasks achieving maximum mitigation potential of 41.8% due to lower
real-time requirements. Regional scheduling analysis reveals optimal scheduling strategies
achieving net emission reduction of 28.4% when considering indirect carbon emissions from data
transmission (0.0234 kg CO2/GB·km). Load shifting strategies achieve theoretical mitigation
potential of 15.9% by transferring AI computational loads from high carbon intensity peak periods
to valley periods, though practical operational mitigation potential approximates 9.7% due to
constraints from task urgency and storage capacity limitations.

6. Discussion

6.1. Conclusions

Global data-centre measurements confirm large spatial and temporal swings in AI power use: North
America peaks at 47.3 kW per rack with a clear 24 hour cycle (2.73 × 10-5 Hz). The hybrid supply-
demand model attains a Nash-Sutcliffe efficiency of 0.936 for short-term and 0.523 for long-term
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forecasts, remaining reliable within a 129 km radius. Carbon intensity varies sharply—from 2.89 kg
CO2 per GPU·h in Asia-Pacific to 1.40 kg CO2 per GPU·h in Europe. By fusing multi-layer power,
grid, and emissions data in real time, the framework offers more accurate, scalable, and actionable
insights than traditional static assessments.

6.2. Optimization strategies

Current AI computational scheduling lacks coordination with renewable energy patterns and
geographic optimization, limiting carbon efficiency improvements. Regional server optimization
scheduling addresses this through intelligent workload distribution algorithms that dynamically
migrate computationally intensive tasks from high-carbon regions to low-carbon zones based on
real-time grid carbon intensity data, achieving theoretical emission reduction of 28.4% while
maintaining service quality. Temporal training schedule optimization leverages diurnal carbon
intensity variations by aligning AI computational workloads with renewable energy generation
peaks, particularly targeting flexible deep learning training tasks that can achieve maximum
mitigation potential of 41.8% through strategic time-shifting mechanisms. Load balancing strategies
implement dynamic resource allocation protocols across multiple data centers using continuous
carbon intensity monitoring, achieving practical emission reduction of 9.7% while optimizing grid
stability. Green AI assessment framework integration establishes comprehensive sustainability
metrics incorporating carbon footprint quantification, energy efficiency benchmarking, and
automated decision-making protocols for systematic environmental performance evaluation and
sustainable computing resource management.
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