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Abstract — Modern hyperscale data centers represent the backbone of global digital infrastructure, supporting intensive 

workloads spanning cloud services, deep learning model training, and real-time big data analytics. However, their exponential 

proliferation has driven electricity consumption to unprecedented levels, accounting for approximately 1.5% to 2% of worldwide 

electrical energy demand and emitting significant carbon equivalents. Traditional heuristic-driven resource management 

frameworks and static threshold cooling protocols lack the dynamic adaptability required to handle highly variable, non-

stationary workloads. This review presents a comprehensive, structured evaluation ofArtificial Intelligence (AI) and Machine 

Learning (ML) techniques engineered for energy-efficient data center operations. We dissect the multi-layered spectrum ofAI 

interventions—from Long Short-Term Memory (LSTM) workload demand forecasters and Deep Reinforcement Learning 

(DRL) resource orchestrators to AI-driven thermodynamic cooling optimization and carbon-aware spatial/temporal workload 

shifting. Furthermore, this study establishes a rigorous PRISMA-guided review methodology, presents an eight-layer conceptual 

system architecture, evaluates microclimate telemetry, and synthesizes critical research gaps to outline actionable pathways for 

sustainable, net-zero cloud computing architectures. 

Keywords— Green Cloud Computing, Artificial Intelligence, Deep Reinforcement Learning, Server Consolidation, Thermal 
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I. INTRODUCTION 
 

Cloud computing has emerged as an indispensable utility 

powering global commerce, social networking, healthcare 

diagnostics, autonomous systems, and generative artificial 

intelligence platform deployments. The infrastructure 

supporting these digital services consists of massive hyperscale 

data centers containing hundreds of thousands of high-

performance physical servers, interconnected storage networks, 

power distribution units (PDUs), and uninterrupted power 

supply (UPS) systems. 

 

However, this computational capacity demands immense 

electrical power. A single modern hyperscale facility can 

consume upwards of 100 megawatts of electricity—equivalent 

to the power demands of approximately 80,000 residential 

households. Beyond server processing power, nearly 30% to 

40% of total electrical energy is historically consumed by 

Computer Room Air Handler (CRAH) units, chillers, and 

cooling pumps to dissipate waste heat and maintain safe 

junction temperatures. 

 

Green Cloud Computing represents a paradigm shift aimed at 

drastically reducing total power consumption, thermal 

dissipation, and carbon footprints without compromising strict  

 

 

Service Level Agreements (SLAs) or Quality of Service (QoS) 

guarantees. 

  

II. REVIEW METHODOLOGY 
 

To ensure a systematic, reproducible, and transparent analysis 

of state-of-the-art AI applications in green cloud computing, 

this study followed the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines. 

A multi-stage literature search was executed across major peer-

reviewed databases including IEEE Xplore, ACM Digital 

Library, Elsevier ScienceDirect, and SpringerLink targeting 

publications from 2018 to 2026. Keywords included 

combinations of ("Green Cloud" OR "Data Center Energy") 

AND ("Reinforcement Learning" OR "Workload Prediction" 

OR "PUE Optimization"). 

  

1. Eligibility Criteria and Study Selection Strategy 

To ensure rigorous filtering, candidate studies were subjected 

to pre-defined inclusion and exclusion criteria prior to 

qualitative synthesis. The systematic protocol targeted studies 

presenting quantifiable metric improvements in data center 

Power Usage Effectiveness (PUE) or server CPU/GPU energy 

consumption. 
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Dimension Inclusion Criteria Exclusion Criteria 

Domain 

Focus 

Data center power 

modeling, cloud task 

scheduling, cooling 

optimization, VM 

placement. 

General non-cloud 

computing, smart grid 

distribution without 

data center interaction. 

Methodology Machine Learning, 

Deep Learning, 

Reinforcement 

Learning, Meta-

heuristics, DVFS 

algorithms. 

Qualitative opinion 

pieces, news editorials, 

descriptive non-

empirical whitepapers. 

Performance 

Metrics 

PUE, Carbon Emissions 

($gCO_2/kWh$), SLA 

Violation Rate, Energy 

(kWh), Migration Cost. 

Studies lacking 

quantitative validation 

or reproducible 

benchmark metrics. 

Publication 

Type 

Peer-reviewed 

international journal 

articles, top-tier 

IEEE/ACM conference 

proceedings. 

Unreviewed preprints, 

extended abstracts, 

patent applications 

without empirical data. 

 

III. DATA CENTER ENERGY MECHANISMS 

AND AI TELEMETRY 
 

Data center power usage is fundamentally partitioned into IT 

load (compute, memory, storage, networking) and non-IT 

overhead (chillers, pumps, fans, power transformation losses). 

The classic metric evaluating facility efficiency is Power Usage 

Effectiveness (PUE): 

 

PUE = Total Facility Energy / IT Equipment Energy 

 

An ideal PUE is 1.0, representing zero power overhead. Legacy 

facilities operate at 1.6 to 2.0, whereas AI-optimized modern 

facilities achieve 1.1 to 1.2. 

 

Servers utilize Dynamic Voltage and Frequency Scaling 

(DVFS) to scale CPU power proportionally to operational load. 

Power consumption $P$ scales non-linearly with clock 

frequency 

 

$f$ and supply voltage $V$ according to $P = C \cdot V^2 \cdot 

f + P_{static}$. AI predictive models calculate ideal DVFS 

states to prevent operating CPUs at peak voltage during low-

throughput phases. 

  

To enable high-precision AI decision-making, physical servers 

and facility cooling units emit continuous telemetry stream 

data. Physical hardware features onboard sensors reporting 

real-time CPU/GPU core temperatures, power draw via 

Intelligent Platform Management Interface (IPMI), memory 

bus activity, and thermal dissipation rates. 

Concurrently, facility-level IoT microclimate sensors record 

ambient cold/hot aisle temperatures, differential humidity, and 

liquid-cooling flow rates. AI models ingest these multi-modal 

telemetry streams to detect thermal hot spots, predict fan speed 

requirements, and modulate cooling pump cycles dynamically, 

eliminating regional overheating risk while maximizing energy 

savings. 

  

IV. TELEMETRY AND SENSING 

TECHNOLOGIES IN SMART DATA 

CENTERS 
 

The table below presents a comparative overview of hardware 

micro-sensors and software telemetry mechanisms leveraged 

by green AI controllers to monitor server health, thermal 

dissipation, and power draw in real-time. 

 

Sensor / 

Protocol 

Target 

Telemetry 

Sampling 

Rate / 

Accuracy 

Role in AI Energy 

Optimization 

IPMI / 

BMC 

Board Power 

(W), Fan 

RPM, CPU 

Core Temp 

1 Hz to 10 

Hz; ±0.5°C 

Provides ground-truth 

power draw for DVFS 

and RL server 

consolidation. 

RAPL 

(Intel/AM

D) 

Package, 

DRAM, and 

Core Energy 

(Joules) 

Microsecond 

resolution; 

High accuracy 

Enables granular task-

level power auditing 

for ML energy 

scheduling. 

IoT 

Hot/Cold 

Aisle 

Ambient Air 

Temp, 

Humidity, 

Airflow 

0.1 Hz to 1 

Hz; ±0.2°C 

Feeds neural 

thermodynamic 

models to dynamically 

tune CRAH/HVAC 

units. 

PDU 

Metering 

Rack-level 

Current (A), 

Voltage (V) 

1 Hz; Class 1 

accuracy 

Detects power 

distribution 

imbalances and feeds 

carbon-aware shift 

models. 

 

V. MACHINE LEARNING METHODS FOR 

WORKLOAD AND THERMAL 

CLASSIFICATION 
 

 Machine Learning algorithms serve two fundamental roles in 

energy-efficient cloud operations: (1) forecasting incoming 

computational demand to prevent over-provisioning, and (2) 
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classifying server thermal states to execute proactive cooling or 

VM migration. 

 

1. Workload Demand Forecasting 

Cloud workloads exhibit temporal patterns featuring diurnal 

cycles, sudden burst traffic, and periodic batch processing. 

Deep learning architectures such as Long Short-Term Memory 

(LSTM) networks, Gated Recurrent Units (GRUs), and 

Temporal Convolutional Networks (TCNs) analyze multi-step 

time-series data to predict CPU/RAM utilization up to several 

hours in advance. 

 

By accurately forecasting workload spikes, the AI orchestrator 

spins up hibernated servers just prior to traffic surges and 

powers down idle units during off-peak periods, eliminating 

standing power draw. 

  

2. Thermal & Anomaly Classification 

Supervised classification models—such as Support Vector 

Machines (SVM), Random Forests, and XGBoost—classify 

physical servers into distinct operational thermal zones (e.g., 

Safe, Warning, Critical Thermal Hotspot). Input feature vectors 

combine instantaneous power draw, historical fan speed, 

neighboring rack temperatures, and CPU utilization rates. 

 

3. Deep Reinforcement Learning (DRL) 

DRL agents formulate resource orchestration as a Markov 

Decision Process (MDP). The state space $S$ comprises server 

loads and thermal maps; the action space $A$ includes VM 

migration, DVFS scaling, and host power-state transitions; and 

the reward function $R$ penalizes power draw and SLA 

violations simultaneously. 

  

VI. COMPARATIVE LITERATURE 

ANALYSIS: PRIMARY STUDIES SUMMARY 
 

A detailed synthesis of contemporary state-of-the-art literature 

investigating AI techniques applied to cloud data center 

efficiency is summarized below. 

 
Author & 

Year 

AI / ML Core 

Technique 

Target 

Subsystem 

Primary Metric 

Gained 

Identified 

Limitations 

Beloglazov 

et al. 

(2012) 

Heuristic 

Dynamic VM 

Consolidation 

Host CPU 

Power Draw 

34% Energy 

reduction in 

simulated 

environment 

Static 

thresholds 

cause 

unnecessary 

VM 

migrations. 

Google 

DeepMind 

(2016) 

Deep Neural 

Network 

(Ensemble) 

Chillers, 

Cooling 

40% Reduction 

in facility 

Requires 

massive 

proprietary 

Towers, 

CRAH 

cooling energy 

(PUE ~1.1) 

sensor training 

datasets. 

Kumar et 

al. (2022) 

LSTM-based 

Workload 

Forecaster 

CPU / 

Memory 

Resource 

Allocation 

22% Energy 

savings; 15% 

SLA violation 

reduction 

High 

computational 

overhead 

during 

training. 

Kahil et al. 

(2025) 

Deep Q-

Network 

(DQN) & 

DDPG 

Multi-rack 

Cooling & 

DVFS 

18% PUE 

Improvement; 

Zero thermal 

throttling 

Long 

convergence 

times in 

dynamic 

environments. 

Malipatil 

et al. 

(2025) 

Multi-Agent 

Reinforcement 

Learning 

Cloud 

Workflow 

Task 

Scheduling 

28% Carbon 

emission 

reduction 

across multi-

region 

Requires real-

time grid 

carbon 

intensity feed. 

 

VII. PROPOSED CONCEPTUAL SYSTEM 

ARCHITECTURE 
 

To bridge the gap between theoretical AI models and real-world 

implementation, we propose an integrated Eight-Layer 

Conceptual Architecture for AI-Driven Green Cloud Data 

Centers. This framework seamlessly links physical sensor 

streams to hypervisor control loops and carbon grid APIs. 

  

 
 

1. Stage-by-Stage Operational Rationale 

The physical layer (Layer 1) housing computational hardware 

and cooling plants feeds raw thermal and power metrics to 

Layer 3 via low-level drivers (Layer 2). The aggregation engine 

(Layer 4) cleans and normalizes raw telemetry into feature 

vectors ingested by predictive LSTM models (Layer 5). 

 

Layer 6 applies DRL algorithms to evaluate candidate control 

actions (e.g., migrating 50 VMs to consolidate rack loads). 

Layer 

 

7 cross-references local decisions against regional grid carbon 

intensity data (Layer 8) to shift deferrable batch ML jobs to data 

centers powered by active solar or wind generation. 
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VIII. MODEL EVALUATION & VALIDATION 

PROTOCOL 
 

Validating AI energy control models requires multi-

dimensional evaluation criteria to avoid optimizing power at 

the expense of computational performance or server lifespan. 

Standard benchmark parameters include: 

• PUE Delta ($\Delta PUE$): Reduction in ratio of total 

facility power over IT load. 

• SLA Violation Rate ($SLA_v$): Percentage of execution 

time 

• CPU utilization reaches 100%, causing task delays. 

• VM Migration Overhead: Network bandwidth and energy 

consumed during VM transfers. 

  

Validated Research Gaps & Future Research Directions 

Despite substantial advances in simulated environments, 

several critical research challenges remain before AI-driven 

energy management can be universally adopted across 

enterprise cloud data centers. 

 

Research Gap 

/ Challenge 

Current State / Problem Proposed Future 

Research Direction 

Simulation 

vs. Reality 

Gap 

Most algorithms are 

evaluated on 

CloudSim/GridSim 

simulators that 

oversimplify thermal 

inertia. 

Develop open-source 

physical testbeds with 

hardware-in-the-loop 

(HIL) telemetry 

integration. 

AI Training 

Energy 

Overhead 

Training complex 

DRL/Transformer 

models can consume 

more energy than they 

save short-term. 

Investigate lightweight 

neuromorphic agents, 

transfer learning, and 

quantized RL models. 

Multi-

Objective 

Conflict 

Optimizing strictly for 

PUE can cause server 

CPU degradation due 

to frequent thermal 

cycling. 

Formulate Pareto-

optimal multi-objective 

optimization balancing 

PUE, SLA, and 

hardware life. 

Grid Carbon 

Transparency 

Real-time regional grid 

carbon intensity data is 

often imprecise or 

updated at low 

frequencies. 

Integrate predictive AI 

models that forecast grid 

emissions alongside 

facility workloads. 

 

IX. CONCLUSION 

 
This systematic review demonstrates that Artificial Intelligence 

and Machine Learning are transformative enablers for 

achieving sustainable, green cloud data center operations. 

Through the intelligent application of predictive LSTM 

demand modeling, Deep Reinforcement Learning for dynamic 

virtual machine consolidation, and neural thermodynamic 

cooling control, modern cloud facilities can achieve energy 

savings exceeding 30% while maintaining strict SLA 

compliance. Furthermore, the integration of carbon-aware 

spatial and temporal workload shifting enables data centers to 

actively align computational execution with renewable energy 

availability across global electricity grids. 

 

However, transitioning from simulated environments to 

production hyperscale deployments requires addressing key 

bottlenecks, including the computational overhead of AI 

training, thermal inertia modeling, and multi-objective Pareto 

optimization. By adopting standardized conceptual 

architectures and hardware-in-the-loop validation frameworks, 

future research can unlock carbon-neutral, highly resilient 

cloud computing infrastructure capable of supporting world 

computational demand sustainably. 
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