esearch
o"‘“ <

P &

2026 Volume: 02 Issue: 05 WWW.I[rpa.com  ISSN 2456-9995 Review Article

N —
UL

\“‘e\'nalio,"‘,o
<,
8
i
s fe uy wor

International Journal Research Publication Analysis
Page: 01-08

ENERGY-AWARE RESOURCE ALLOCATION FOR BIG DATA
PROCESSING IN DISTRIBUTED DATA CENTERS: A SURVEY

“IDr.Srinidhi Kulkarni, 2Samarth T. R., 2Rohith Reddy, 2Varun S., 2Vijaya Krishna

IProject Guide, Department of Computer Science and Engineering Jyothy Institute of

Technology Bengaluru, Karnataka, India.

2Depar‘[ment of Computer Science and Engineering, Jyothy Institute of Technology

Bengaluru, Karnataka, India.

Article Received: 11 April 2026 *Corresponding Author: Dr. Srinidhi Kulkarni
Article Revised: 01 May 2026 Project Guide, Department of Computer Science and Engineering Jyothy Institute of
Published on: 21 May 2026 Technology Bengaluru, Karnataka, India.

DOI: https://doi-doi.org/101555/ijrpa.5087

ABSTRACT

This comprehensive survey systematically reviews energy-aware resource allocation
strategies for big data process- ing in distributed data centers from 2022-2025. We analyze 14
state-of-the-art works categorized into AI/ML-driven predictive allocation (40%), sustainable
frameworks with renewable inte- gration (30%), Hadoop/Spark-specific optimization
techniques (20%), and advanced metaheuristic algorithms (10%). These ap- proaches
demonstrate 25-80% energy reductions while maintain- ing Service Level Agreement (SLA)
compliance rates above 85%. Through detailed quantitative comparison across multiple
perfor- mance metrics and in-depth methodological analysis, we identify critical research
gaps in exascale scalability, GPU/TPU workload optimization, and real-time renewable
energy forecasting. Future research directions emphasize carbon-aware global orchestration,
quantum-inspired optimization, neuromorphic edge computing, and zero-carbon cluster
architectures for sustainable big data ecosystems.

INDEX TERMS: Energy-aware resource allocation, big data processing, distributed data
centers, green computing, AI/ML optimization, sustainable frameworks, Hadoop ecosystem,

Spark optimization, carbon-aware scheduling, VM consolidation.

I. INTRODUCTION
Modern distributed data centers powering big data applica- tions consumed 240-340 TWh
globally in 2022, representing 1-1.3% of worldwide electricity usage and projected to exceed
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1,000 TWh by 2026. The exponential growth of data-intensive workloads including machine
learning training, real-time an- alytics, and IoT data processing has created unprecedented
energy demands. Energy-aware resource allocation emerges as a critical optimization
problem that involves intelligent provisioning of virtual machines (VMs), containers,
computing tasks, and workloads across heterogeneous data center infras- tructure while
simultaneously minimizing total power con- sumption and satisfying stringent Service Level

Agreements (SLAS).

A. Problem Statement and Scope

The core challenge encompasses multiple interrelated sub- problems: (1) dynamic
VM/container placement optimization, (2) workload-aware task scheduling across geo-
distributed clusters, (3) intelligent cooling system coordination, (4) renew- able energy source
integration, and (5) real-time adaptation to fluctuating demand patterns. Traditional static
allocation strategies result in 50-70% server underutilization and ex- cessive energy waste

from idle infrastructure and inefficient cooling systems.

This survey provides three major contributions:

1. Comprehensive taxonomy and quantitative analysis of 14 recent (2022-2025) research
works across four methodological categories.

2. Multi-dimensional performance comparison framework evaluating energy savings, SLA
compliance, scalability, big data compatibility, and deployment complexity.

3. Systematic identification of research gaps and concrete future directions for next-

generation sustainable data center architectures.

B. Survey Methodology
Our literature selection followed a rigorous three-stage process: (1) keyword-based search
across IEEE Xplore, ACM Digital Library, Springer, Elsevier, and arXiv using terms
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including “energy-aware resource allocation,” ”green big data processing,” and ’sustainable
data centers”; (2) inclusion cri- teria requiring publication between 2022-2025, experimental
validation on real/synthetic big data workloads, and quantita- tive energy/performance
metrics; (3) cross-validation through citation analysis and conference/journal impact factors.

The remainder of this paper is organized as follows: Section II presents foundational concepts;
Section III provides detailed literature analysis; Section IV discusses research gaps; Section V

proposes future directions; and Section VI concludes.
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II. BACKGROUND AND PRELIMINARIES

A. Modern Big Data Processing Ecosystems

Contemporary big data frameworks have evolved signifi- cantly since 2022:

e Apache Spark 3.5+ with adaptive query execution and dynamic executor scaling

e Hadoop 3.4 featuring erasure coding and opportunistic data placement

e Kubernetes 1.28+ with horizontal pod autoscaling and predictive scaling APIs

e Ray 2.0+ for distributed ML training and hyperparameter optimization

e Apache Flink 1.18+ for low-latency stream processing Workload characteristics
include mixed batch processing (ETL pipelines), real-time stream analytics

(Kafka/Spark Streaming), and GPU-intensive Al training (PyTorch/TensorFlow).

B. Comprehensive Power Consumption Model

Total data center power consumption follows:
Protas = Pir(U) + Peooiing + Pues + Prerwark (1)where IT power decomposes as:

2) LSTM-Based Workload Forecasting (2024): Patel et al.

[2] develop a Long Short-Term Memory (LSTM) network for Hadoop job completion time
prediction achieving RMSE

< 5 minutes. The multi-variate time series model incorporates job size, input split count,
reducer parallelism, and historical execution patterns. Proactive cluster scaling based on 15-
minute horizon forecasts reduces idle servers by 35% during diurnal workload fluctuations.

B. Category II: Sustainable Frameworks with Renewables (30%)

1) Green Cloud Software Engineering (2025): Gaikwad et al. [3] present a comprehensive
OpenStack-based framework integrating four modules: (1) renewable energy forecasting
using XGBoost, (2) VM consolidation via genetic algorithms,

(3) carbon footprint dashboard, and (4) workload migration orchestrator. The modular
microservices architecture achieves 40% energy savings across 10 geo-distributed data centers

with SLA compliance > 90%.

Piru) = acoy = Peeu (gpy ey * Popu (Ugpy J+Premory  2) Carbon Infensity-Aware Scheduling (2024): The Car-(2)

CPU power follows the convex model PCP U (u) = PO + u(Pmax — P0), while GPU

power exhibits discrete power states. Cooling typically consumes Pcooling = 0.4PIT
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C. Optimization Problem Formulation

The energy-aware resource allocation problem is formally defined as:
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Balancing energy minimization with performance, capacity, and infrastructure constraints.

III. LITERATURE SURVEY: DETAILED ANALYSIS (2022-2025)

A. Category I: AI/ML-Driven Predictive Solutions (40%)

1) Deep Reinforcement Learning for VM Consolidation (2023): Smith et al. [1] propose a
Deep Q-Network (DQN) agent that learns optimal VM placement policies using a Markov
Decision Process with state space St =

{workloadt, utilizationt, energyt, SLAt}. The reward func- tion balances energy savings

and SLA violations:

Rr=wi1 » AEr — w2 - Vear (7

Experimental validation on 5,000-node Google cluster traces demonstrates 45% energy
reduction versus First-Fit Decreas- ing (FFD) heuristics while maintaining 92% SLA
compliance.

Bonaware team [4] implements Kubernetes-native scheduling that migrates workloads to
regions with lowest carbon inten- sity. Real-time carbon forecasts from electricitymaps.com
en- able 38% emissions reduction by following diurnal solar/wind production patterns across

15 European data centers.

C. Category II1: Hadoop/Spark Ecosystem Optimization (20%)

1) Dynamic DataNode Autoscaling (2022): Hadoop Com- munity efforts [5] extend YARN
with predictive autoscaling based on job queue length and task completion rates. Cluster size
reduction by 50% during night-time low-load periods trades 2-5% average job latency for

30% energy savings validated on 1,000-node production clusters.
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2)  Spark Executor Auto-Tuning (2023): Spark Team in-novations [6] introduce dynamic
executor sizing based on shuffle/block metrics and adaptive query execution statistics.
Memory waste reduction of 25% and 18% faster job com- pletion observed across TPC-DS

benchmarks on 3,000-node clusters.

D. Category IV: Advanced Metaheuristic Algorithms (10%)

1) Enhanced Whale Optimization Algorithm (2022): Lee et al. [7] propose Whale
Optimization Algorithm (WOA) with Levy flight exploration and spiral bubble-net
exploitation for NP-hard VM placement. The algorithm reduces migrations by 28% and CPU
consumption by 22% compared to PSO and GA on CloudSim simulations of 1,500

heterogeneous nodes.

IV. RESEARCH GAPS AND OPEN CHALLENGES

A. Gap 1: Exascale Scalability Limitations

All surveyed approaches validate on <10K node clusters. Exascale data centers (100K+
nodes) require fundamentally

different decentralized coordination mechanisms absent from current literature. Centralized

metaheuristics and even dis- tributed ML scale poorly beyond current validation ranges.

TABLE I: QUANTITATIVE COMPARISON OF RECENT ENERGY-AWARE APPROACHES
(2022-2025)

Approach Energy SLAT  Scale Big Complexil vEramens
(Year) 1 Data
DEL VM Place- | 43% 2% 004 Spark High Cloud
ment [1] nodes Wative
LSTM 3 B3% 2000 Hadoop  Medium | YAEN
Prediction nodes
[
Green Cloud [3] | 405z 0 Global All Medium | QpenStac
Carbon Schedul- | 38% B Multi- All High Eubemet
e [4] DC
Hadoop 30 3% 1000 Hadoop Low YAEN
Autozcaling nodes
(3]
Spark.. Exzemutor | 25% 1% 3004 Spark Low Spark
[8] nodes
WOA Migration | 28% 0 1500 Cloud High OnenStac
[M nodes

i 42% 8% Global All Medium | Hybrd
(5]
Edge-Cloud Hy- | 33% Q3% EdeezClondleT High K&:+Edg
bnd 9]
Federated Leam- | 32%: B Multi- ML High Ray
g [10] DC
Renewables Inte- | 48% B6%e Regional Al Medium | OQpenStac
eration [11]
Quantum- e 91% 10K Cloud Very Cuantum
Inspired [12] nodes Hish
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B. Gap 2: GPU/TPU Workload Neglect

No 2022-2025 work systematically addresses GPU/TPU- dominated Al training workloads
that consume 60%+ of modern data center power. Current CPU-centric models fail to
capture discrete GPU power states and memory bandwidth constraints critical for deep

learning pipelines.

C. Gap 3: Real-Time Renewable Forecasting
Existing renewable integration uses simplistic on/off-peak models. Production-grade carbon-
aware scheduling requires 5- minute granularity solar/wind forecasts integrated with elec-

tricity carbon intensity APIs across 100+ global markets.

D. Gap 4: Multi-Objective Optimization Conflicts
Energy minimization frequently conflicts with latency, cost, and fairness objectives. No
unified Pareto-optimal framework exists for production environments balancing all

stakeholder requirements.

V. FUTURE RESEARCH DIRECTIONS

A. Direction 1: Quantum-Classical Hybrid Optimization

Quantum Approximate Optimization Algorithm (QAOA) variants for NP-hard bin packing at
100K+ node scale, lever- aging near-term quantum hardware for superior exploration of
solution spaces versus classical metaheuristics.

B. Direction 2: Neuromorphic Edge-Cloud Continuum

Spiking Neural Networks (SNNs) at edge nodes comple- menting cloud batch processing,
reducing cloud dependency by 70% for latency-sensitive IoT analytics while consuming 100x
less power than traditional DNNSs.

C. Direction 3: Global Carbon Markets Integration

Blockchain-based carbon credit markets enabling workload migration incentives across
competing data center operators, creating planetary-scale carbon-aware scheduling through
eco- nomic coordination.

D. Direction 4: Zero-Carbon Autonomous Clusters

100% renewable-powered data centers with hydrogen backup, Al-driven energy trading, and
closed-loop water cool- ing systems achieving net-zero operational carbon footprint.

E. Direction 5: Adaptive Hardware-Software Co-Design

Dynamic Voltage and Frequency Scaling (DVFS) coordi- nation between

CPU/GPU/TPU/memory controllers driven by reinforcement learning agents optimizing
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across full hardware power stack.

VI. CONCLUSION

This comprehensive survey analyzed 14 state-of-the-art energy-aware resource allocation
strategies for big data pro- cessing in distributed data centers (2022-2025), demonstrat- ing
25-80% energy reductions across diverse methodologies.

AI/ML-driven approaches excel in predictive accuracy but face scalability limitations,
sustainable frameworks enable carbon- aware operation yet lack real-time renewable
integration, ecosystem-specific optimizations provide immediate practical impact, and
metaheuristics offer robust NP-hard solutions.

Critical research gaps persist in exascale scalability, GPU/TPU workload optimization, and
multi-objective trade- off management. Future research must pursue quantum- classical
hybrids, neuromorphic architectures, global carbon markets, zero-carbon autonomy, and
hardware-software co- design to enable sustainable big data processing at plane- tary
scale. These interdisciplinary solutions will define next- generation green computing

paradigms critical for environ- mental sustainability and economic viability.
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