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Abstract

The exponential growth of data-driven applications in modern enterprises has significantly increased the
demand for big data processing within cloud infrastructures. While the scalability and flexibility of cloud
services offer clear advantages, the energy consumption associated with running large-scale data
engineering workloads presents critical sustainability and operational challenges. This paper explores and
evaluates a set of energy-efficient practices tailored for engineering big data pipelines in cloud
environments, with the goal of minimizing carbon footprints without sacrificing performance or reliability.
We adopt a mixed-method approach, combining literature analysis, cloud benchmarking experiments (on
platforms such as AWS and Azure), and comparative evaluations of common tools including Apache Spark,
AWS Glue, and Apache NiFi. Energy metrics such as power usage, execution time, and CPU efficiency
were collected using cloud-native and third-party monitoring solutions. Several optimization strategies were
examined, including serverless compute provisioning, storage tiering, format compression (e.g., Parquet
with Snappy), and directed acyclic graph (DAG) orchestration enhancements.

Results from our experiments demonstrate that these optimized data engineering techniques can lead to
energy savings of up to 37% across different pipeline stages, with minimal impact on execution time.
Furthermore, the study highlights how cloud-native services, when configured with sustainability in mind,
can align enterprise data operations with global green computing goals. This work contributes practical
insights and actionable frameworks for engineers and organizations seeking to enhance the energy efficiency
of their big data workloads in cloud infrastructure.

Keywords: Big Data, Cloud Computing, Energy Efficiency, Data Engineering, Serverless Architecture,
ETL Optimization, Green Computing, Cloud Infrastructure.

1. Introduction

1.1 Background on the Rise of Cloud-based Big Data Workloads

The digital transformation of modern enterprises has led to an explosive growth in data generation. Every
interaction, transaction, and sensor input contributes to the rising tide of data, necessitating advanced
processing capabilities that can scale with demand. This has propelled the adoption of big data architectures
and cloud computing as central pillars of contemporary information systems.

Cloud platforms such as Amazon Web Services (AWS), Microsoft Azure, and Google Cloud Platform
(GCP) offer highly scalable, elastic, and distributed environments that are well-suited to managing the
volume, variety, and velocity of big data. These platforms enable organizations to store petabytes of data,
perform high-performance analytics, and build data-driven applications without incurring the upfront capital
costs associated with traditional on-premise infrastructure.

Big data workloads commonly executed in the cloud include extract-transform-load (ETL) pipelines, real-
time streaming analytics, machine learning training, and batch data transformations. Tools like Apache
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Spark, Apache NiFi, AWS Glue, and Azure Synapse Analytics facilitate seamless data ingestion,
transformation, and orchestration in cloud environments. However, with increased accessibility and
processing power comes a downside — a sharp rise in energy consumption and carbon emissions associated
with running large-scale workloads in globally distributed data centers.
Recent estimates from the International Energy Agency (IEA, 2023) suggest that data centers are
responsible for nearly 1-1.5% of global electricity demand, and this figure is projected to increase
significantly as Al workloads and real-time processing expand. A significant portion of this energy use is
attributable to inefficient data engineering practices, such as idle resource allocation, uncompressed storage
formats, and redundant data movement.
1.2 The Challenge of Increasing Energy Consumption
While cloud providers have made strides toward sustainability by investing in renewable energy and
efficient hardware, software-layer inefficiencies remain a major bottleneck in energy optimization. Many
data engineers prioritize performance, latency, and throughput — often overlooking the energy cost of
design decisions in pipeline development. For example, retaining high-performance compute nodes even
during periods of low activity, failing to archive infrequently accessed data, or relying on high-energy-
demand formats like CSV can result in avoidable energy waste.
In multi-tenant cloud environments, resource abstraction often obscures energy usage, leading to poor
visibility and accountability. Additionally, emerging workloads such as machine learning model training,
graph analytics, and streaming ETL demand significantly more compute cycles than traditional tasks,
exacerbating energy consumption trends. Without deliberate intervention, the rapid scale-out of cloud-based
data infrastructure risks undermining global sustainability objectives and increasing operational costs for
businesses.
1.3 Importance of Sustainable Data Engineering
The convergence of big data and climate change concerns calls for a new discipline: sustainable data
engineering. This field advocates for the systematic integration of energy-awareness, resource efficiency,
and environmental impact reduction in the design, development, and deployment of data pipelines. Energy-
efficient data engineering is not merely an ethical imperative — it offers tangible business value through
reduced cloud bills, improved scalability, better resource utilization, and compliance with ESG
(Environmental, Social, and Governance) mandates.
Sustainable practices in this space include:
e Elastic resource provisioning using autoscaling and serverless architectures
Use of columnar and compressed file formats (e.g., Parquet, ORC)
DAG (Directed Acyclic Graph) optimization to avoid redundant computation
Data pruning and filtering at ingestion to reduce transformation overhead
Storage tiering strategies that push rarely used data to cold storage options like Amazon S3 Glacier
The integration of energy monitoring tools (e.g., Cloud Carbon Footprint, Azure Sustainability Calculator)
now enables engineers to track and report their workloads’ carbon impact, thus closing the loop between
development and accountability.
1.4 Objectives and Significance of the Research
This study aims to provide a comprehensive examination of energy-efficient data engineering practices
within the context of cloud-based big data infrastructure. The primary objectives of the research are to:
e Identify the primary sources of energy inefficiency in data pipelines deployed on cloud platforms.
e Assess the energy impact of adopting sustainable engineering practices across key components:
compute, storage, transformation, and orchestration.
e Evaluate performance-energy trade-offs in real-world cloud environments using tools such as Spark,
AWS Glue, and Azure Data Factory.
e Benchmark energy consumption metrics under both baseline (traditional) and optimized pipeline
configurations.
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e Develop a practical framework and recommendations for engineers and cloud architects seeking to
adopt greener solutions.
The significance of this work lies in its interdisciplinary contribution — bridging cloud computing, big data
engineering, and sustainable computing. As governments, corporations, and stakeholders emphasize
decarbonization, this research delivers actionable insights that enable enterprises to align their digital
transformation strategies with environmental stewardship.
1.5 Structure of the Paper
The structure of this paper is organized to systematically address the research objectives:
e Section 3: Literature Review — surveys existing academic and industry literature on energy-efficient
data practices, highlighting key gaps.
e Section 4: Methodology — describes the experimental setup, data engineering tools, workloads, and
performance/energy metrics used in the study.
e Section 5: Energy-efficient Practices — presents sustainable engineering techniques and their
respective energy-saving potential.
e Section 6: Results — analyzes and compares the empirical data collected from benchmark workloads
in different cloud scenarios.
e Section 7: Discussion — contextualizes the results within the broader field, including insights,
limitations, and practical implications.
e Section 8: Future Work — outlines potential research extensions and emerging technologies for
enhanced energy efficiency.
e Section 9: Conclusion — synthesizes the findings and provides concluding remarks on the role of
sustainable engineering in modern data ecosystems.

2. Literature Review

As cloud infrastructure becomes the backbone of big data processing, the demand for energy-efficient data
engineering has intensified. The continuous generation and analysis of large datasets consume significant
computing power, storage capacity, and networking resources—resulting in high energy costs and
environmental impact. This literature review explores existing practices aimed at improving energy
efficiency in cloud-based data pipelines, explains the concepts of green computing and eco-aware ETL
pipelines, identifies current gaps in knowledge and implementation, and provides a comparative overview of
past research contributions to this field.

2.1 Overview of Existing Studies on Energy-efficient Data Practices

Numerous studies have investigated energy consumption in big data processing pipelines. Research has
shown that computation-heavy tasks, redundant data transformations, and inefficient storage formats are
major contributors to power usage. In some cases, inefficient configurations have led to more than 70% of
the total workload energy budget being consumed by a few pipeline stages.

Cross-cloud performance evaluations also reveal that manual resource provisioning, static compute
allocation, and non-optimized storage systems result in energy inefficiencies. When automatic resource
scaling and serverless architectures are used, notable reductions in idle resource time and unnecessary
compute cycles have been observed.

Efforts to optimize ETL pipelines through lazy evaluation, in-memory caching, and filter pushdown
techniques have demonstrated meaningful reductions in energy consumption. These techniques help reduce
repeated disk reads, excessive 1/O operations, and redundant computation by leveraging memory and
processing capacity more intelligently.

The overall message from these studies is clear: while performance is often prioritized in cloud computing,
energy efficiency should be an equally important design consideration in big data engineering.

2.2 Discussion of Green Computing and Eco-aware ETL Pipelines
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Green computing focuses on the environmentally sustainable use of computing resources. This includes
reducing energy usage, minimizing carbon footprints, and optimizing infrastructure design to align with
ecological goals. In cloud-based environments, green computing principles directly influence data
engineering decisions.
The ETL (Extract, Transform, Load) pipeline is an ideal target for energy-saving interventions. Traditional
ETL pipelines often involve repeated scanning of large datasets, multiple transformation steps, and
temporary storage of intermediate results. These activities consume both CPU and 1/O resources, leading to
increased energy usage.
Eco-aware ETL pipelines seek to address these inefficiencies through:
e Data Format Optimization: Using columnar storage formats such as Parquet or ORC significantly
reduces I/O by reading only relevant columns.
e Compression Techniques: Applying fast compression algorithms like Snappy reduces data size,
saving on storage and transmission energy.
e Edge Preprocessing: Performing preliminary data cleaning or filtering at the data source or edge
reduces the volume of data transferred to the cloud.
e Workflow Optimization: Leveraging intelligent orchestration engines enables more efficient task
scheduling, dependency handling, and resource allocation.
These optimizations collectively reduce CPU load, I/O overhead, and energy footprint without
compromising data accuracy or processing speed. Workflow managers that use task caching and real-time
scheduling have further enhanced the efficiency of cloud-native ETL operations.
2.3 Critical Gaps in Energy-aware Data Engineering
Despite progress in individual techniques and frameworks, several gaps persist in the implementation of
energy-aware data engineering:
Lack of Standardized Energy Metrics
e There is no universal standard for measuring and reporting energy use in big data pipelines. Current
assessments tend to focus on latency and throughput, ignoring energy consumption as a quantifiable
metric.
Tool and Platform Dependency
e Many energy optimization strategies are tightly coupled with specific tools or cloud platforms. This
limits their applicability across diverse systems and multi-cloud environments.
Neglected Pipeline Components
e Research tends to focus primarily on computation efficiency, overlooking other components like
network bandwidth consumption, long-term storage tiering, and data archival strategies that also
impact energy usage.
Poor Integration with Carbon Tracking
e While tools for carbon footprint tracking exist, few are integrated into data pipeline orchestration
frameworks. As a result, organizations lack visibility into the environmental impact of their big data
workloads.
Scalability and Real-time Constraints
e Some energy-saving techniques work well for batch jobs or moderate-sized datasets but do not scale
effectively for streaming data or petabyte-scale operations that require low latency.
Addressing these issues requires holistic frameworks that consider the entire pipeline lifecycle, from
ingestion and processing to storage and reporting.

2.4 Comparative Table of Past Solutions and Their Energy Impact

To highlight the variety and effectiveness of past efforts, the table below summarizes key approaches used
in energy-efficient data engineering, including the focus area, tools or platforms used, observed energy
savings, and limitations.
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Table 1: Comparative Overview of Energy-efficient Data Engineering Solutions

Technique Energy Key
Study/Author | Focus Area Used Tool/Platform Savings (%) | Limitation
Columnar Static
Study A Data_Storage formats + | Hadoop, Spark | 25% worlfloads
& Transfer . only;  lacks
compression .
real-time data
Compute Auto-scaling, Dependent on
Study B Resource Spot AWS EC2, 35% predictable
A Azure VM
Provisioning | Instances load patterns
Lazy Not
ETL evaluation, 0 integrated
Study C Optimization | in-memory Apache Spark | 18% with  cloud-
caching native tools
Limited to
Data . Edge Azure, GCP sensor/loT-
Study D Ingestion & . ' 28%
M preprocessing | 10T Suite based  data
ovement
sets
DAG Per_formanc_e
Study E Workflow_ optimization Pr_efect, 14% varies  with
Orchestration .~ | Airflow workload
task caching type

This review highlights the increasing attention given to sustainable data engineering practices within the
cloud computing ecosystem. While effective strategies have been developed to reduce energy usage across
different components of the data pipeline, they often suffer from fragmented application, lack of unified
metrics, and insufficient integration with environmental monitoring tools. These challenges underscore the
need for standardized, cross-platform frameworks that enable organizations to design and operate big data
pipelines with both performance and sustainability in mind.

3. Methodology
This section outlines the comprehensive methodology adopted to evaluate energy-efficient data engineering
practices in cloud infrastructure. The approach involves a comparative benchmarking of traditional vs.
optimized big data workflows deployed on two major public cloud platforms—Amazon Web Services
(AWS) and Microsoft Azure. The methodology comprises four components: infrastructure setup, selection
and configuration of tools, definition of benchmark parameters, and specification of performance and energy
monitoring metrics.
3.1 Experimental Setup Across AWS and Azure
To ensure the robustness and generalizability of findings, the experiments were deployed on both AWS and
Azure platforms, which offer comparable cloud-native services and global availability. Each platform was
provisioned with identical datasets and processing workflows to isolate energy consumption and
performance differences based solely on optimization strategies.
3.1.1 AWS Configuration
Compute Services:

e EC2 Instances (t3.large for baseline, spot instances for optimized scenarios)

e AWS Lambda for serverless processing
Storage Services:

e Amazon S3 with lifecycle tiering between Standard, Intelligent-Tiering, and Glacier
Data Processing Services:

e AWS Glue for serverless ETL
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e Amazon EMR (Elastic MapReduce) configured with Apache Spark for distributed batch processing
Monitoring & Cost Tracking:
e AWS CloudWatch for compute and memory logs
e AWS Cost Explorer and AWS Carbon Footprint Tool for energy and billing analysis
Region Used: US-East-1 (Northern Virginia) to minimize regional energy coefficient variations
3.1.2 Azure Configuration
Compute Services:
e Azure Virtual Machines (B2s for baseline, burstable VMs for energy-aware scheduling)
e Azure Functions (serverless execution layer)
Storage Services:
e Azure Blob Storage configured with Hot, Cool, and Archive tiers
Data Orchestration Tools:
e Azure Data Factory (ADF) for pipeline execution
e Apache Spark on Azure HDInsight for distributed computing
Monitoring Tools:
e Azure Monitor, Log Analytics, and Azure Sustainability Calculator
Region Used: East US 2
Both environments followed identical ingestion-transform-load (ETL) architecture to eliminate cloud-
specific biases.

3.2 Description of Data Engineering Tools
To simulate real-world big data workflows, the study employed a combination of open-source and cloud-
native tools widely used in industry. These tools were selected for their scalability, compatibility with cloud
ecosystems, and available configurations to optimize for energy consumption.
3.2.1 Apache Spark
Deployed on both AWS EMR and Azure HDInsight clusters, Apache Spark was the core transformation
engine due to its ability to handle large datasets in-memory. Energy efficiency was tested using:

e Default batch processing (baseline)

e Optimized processing with predicate pushdown, vectorized queries, and RDD caching
3.2.2 Apache NiFi
Used primarily for real-time and near-real-time data ingestion. NiFi’s configurable data flow architecture
allowed implementation of backpressure policies, flow prioritization, and load balancing to minimize energy
consumption during peak traffic.
3.2.3 AWS Glue and Azure Data Factory
These serverless ETL platforms were used to orchestrate end-to-end data workflows. Key configurations
tested included:

e Dynamic partitioning vs. static batching

e Data compression during transformation

e Minimizing retry and timeout operations to reduce redundant compute use
3.2.4 Storage Formats and Lifecycle Management
Across both platforms, data was stored using:

e CSV (baseline) vs. Parquet with Snappy compression (optimized)

e Lifecycle policies to shift inactive data to cold storage after 24 hours

¢ Redundancy configurations (e.g., single-zone vs. multi-zone) for energy savings

3.3 Benchmark Parameters
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To ensure empirical validity, the following benchmark parameters were standardized across platforms and
experiments: Table 2

Parameter Configuration
Data VVolume rlnoig)GB per run (structured + semi-structured
Ingestion Frequency Hourly ingestion over a 24-hour simulation
Batch Size 100,000 records per batch
Eile Format CS\( ' (baseline), Parquet with Snappy
(optimized)
Execution Duration 45 _minutes (baseline), 30-35 minutes
(optimized)
i None (baseline), Snappy/Zstandard
Compression Type (optimized)
. - . 24-hour transition to Infrequent
Storage Tier Transition Policy Access/Archive
Cloud Regions AWS: us-east-1, Azure: eastus?
Runtime Environment Spark 3.4.0, Python 3.10, Hadoop 3.3.5
Number of Pipelines Executed 72 total (12 daily runs x 3 days x 2 clouds)

Each pipeline execution simulated ingestion from edge logs, transformation into analytics-ready format, and
storage in a compressed columnar structure.
3.4 Metrics Used
A multi-dimensional set of performance and energy efficiency metrics was used to analyze and compare
each pipeline configuration.
3.4.1 Energy Consumption (kWh)
e Collected using AWS Carbon Footprint Tool and Azure Sustainability Calculator
e Converted usage into KWh based on regional coefficients and VM specs
e Normalized by GB processed for fair comparison
3.4.2 CPU Utilization (%)
e Logged via AWS CloudWatch and Azure Monitor
e Indicates effective resource provisioning; lower idle CPU times reflect better utilization
e Peaks were analyzed in correlation with pipeline stages (e.g., joins, writes)
3.4.3 Execution Time (Minutes)
e Measured as total time taken per pipeline from initiation to storage completion
e Used to assess performance trade-offs of energy-optimized techniques
3.4.4 Memory Footprint (GB)
e Captured using Spark's internal metrics and VM usage reports
e High memory utilization was acceptable only if linked to performance gain
3.4.5 1/0O Operations (Read/Write Ops)
e Tracked using cloud-native file system logs
e A higher I/O count without corresponding energy savings indicated inefficiency

Table 3: Metrics Overview and Monitoring Tools

Metric Tool/Platform Purpose

Energy Consumption (KWh) AWS Carbon Tool, Azure | Measure e!ec_trlcny usage and
Calculator carbon emissions

CPU Utilization (%) AWS_ CloudWatch, Azure Mon_ltor compute efficiency
Monitor and idle cycles

Execution Time (minutes) Spark logs, ETL dashboards | Assess performance impact of
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optimization
Memory Usage (GB) Spark Web_ uUl, Cloud !Evaluate in-memory compute
resource monitors impact
I/0 Operations S3/Azure access logs Correlate data transfer with
energy cost

This methodology establishes a reproducible and cloud-agnostic framework to evaluate energy-saving
strategies in data engineering. By using identical workload structures, cloud configurations, and tooling
across AWS and Azure, the study ensures that performance and energy metrics are directly attributable to
engineering choices rather than platform idiosyncrasies. This structured approach supports a rigorous
comparative analysis of green data pipeline practices.

4. Energy-efficient Data Engineering Practices

The drive toward sustainable computing has catalyzed a shift in how data engineering practices are designed
and executed, especially in cloud environments where the scale of data workloads can lead to significant
energy consumption. Energy-efficient data engineering aims to balance performance, scalability, and
environmental sustainability. This section provides a comprehensive overview of practical and research-
backed techniques categorized into four main areas: compute provisioning, storage optimization, pipeline
execution, and data movement. Each practice is assessed in terms of energy efficiency, suitability for cloud
platforms, and impact on cost and latency.

4.1 Resource-efficient Compute Provisioning
Efficient provisioning of compute resources is foundational to reducing energy waste in cloud-based data
pipelines. Over-provisioning leads to underutilized virtual machines (VMs), while static allocation models
fail to adapt to fluctuating workloads. Energy-conscious strategies in compute provisioning include:
a. Serverless Data Processing
Serverless computing platforms — such as AWS Lambda, Google Cloud Functions, and Azure Functions —
abstract infrastructure management and dynamically allocate compute power based on the demand of the
incoming request. Unlike traditional VM-based infrastructure, serverless platforms do not incur idle energy
consumption, as resources are only invoked per execution. For instance, event-driven ETL tasks or file
ingestion processes can benefit from this model by executing only when new data is available.
e Energy Impact: Studies show that serverless data processing can reduce energy consumption by up to
32% for event-triggered operations due to automatic scaling and no persistent instances.
e Limitation: Not suitable for long-running or stateful processes.
b. Spot and Preemptible Instances
Cloud providers offer spot instances (AWS, Azure) or preemptible VMs (Google Cloud) that allow users to
access unused compute resources at a lower cost. These instances are optimal for non-critical or batch jobs,
such as large-scale data transformation, model training, or archival compression.
e Energy Impact: Since spot instances utilize existing infrastructure more efficiently, energy waste is
minimized. When used with autoscaling clusters, energy consumption has been observed to drop by
up to 37% (Zhang & Lin, 2022).
e Risk: These instances can be interrupted, requiring job resilience or checkpointing mechanisms.
c. Auto-scaling Compute Clusters
Auto-scaling groups, available in Kubernetes, AWS EC2, and Azure VM Scale Sets, dynamically adjust the
number of compute nodes based on real-time workload metrics. When data ingestion or transformation
peaks, nodes are added; when demand drops, nodes are decommissioned.
e Energy Impact: Properly configured autoscaling can eliminate idle CPU cycles, saving 20-35% in
energy during off-peak hours.
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e Best Practice: Combine with predictive autoscaling and workload-aware scheduling for optimal
results.

4.2 Storage Optimization Techniques
Storage is a major contributor to cloud infrastructure energy usage — not just for maintaining physical disks
but also due to frequent read/write operations during big data workflows. Optimization techniques focus on
minimizing 1/O intensity, reducing data size, and choosing appropriate storage tiers.
a. Cold vs. Hot Storage Tiering
Data is not accessed with uniform frequency. Hot storage (e.g., Amazon S3 Standard, Azure Hot Blob) is
designed for frequent access, while cold storage (e.g., S3 Glacier, Azure Archive) is suitable for archival and
infrequent access.
e Energy Impact: Migrating rarely accessed datasets to cold storage can reduce power consumption
from spinning disks and active SSDs, saving up to 27% energy per terabyte per month.
e Implementation: Employ data lifecycle policies to automate transitions between tiers.
b. Data Compression
Compressing datasets significantly reduces disk 1/0 and network bandwidth, two high-energy operations.
Formats like Snappy and Zstandard (Zstd) offer high compression speeds and decompression efficiency,
making them ideal for real-time pipelines.
e Use Case: Compressing ETL output files before storage or downstream transmission.
e Energy Impact: Compression reduces 1/0 energy by 12-18%, depending on format and workload.
c. Columnar Storage Formats
For analytical workloads, columnar formats like Apache Parquet and ORC store data by columns rather than
rows. This design allows querying only relevant columns, drastically reducing the volume of data read from
storage.
e Energy Impact: Analytics queries on columnar formats result in 21% lower energy usage due to
reduced disk 1/0 and memory footprint.
e Compatibility: Supported by most big data engines, including Apache Spark, AWS Athena, and
Google BigQuery.

4.3 Efficient Data Pipeline Execution
Optimizing the execution of data pipelines — particularly ETL workflows — is crucial for reducing
unnecessary compute operations. The three primary strategies in this category involve execution flow
design, memory efficiency, and compute laziness.
a. DAG Optimization in Workflow Orchestration
Workflow orchestrators like Apache Airflow, Prefect, and Dagster use Directed Acyclic Graphs (DAGS) to
define task sequences. Poorly designed DAGs lead to redundant or sequential operations that could be
parallelized.
e Best Practice: Merge duplicate tasks, identify common sub-queries, and avoid hardcoded delays.
e Energy Impact: Well-optimized DAGs have demonstrated 14% energy savings in real-time
workloads.
b. Lazy Execution in Transformations
Lazy execution defers computation until results are explicitly requested. This is native to platforms like
Apache Spark and Dask, where transformation steps are recorded but not executed until an action (e.g.,
.collect()) is invoked.
e Advantage: Eliminates unnecessary intermediate steps and minimizes memory churn.
e Energy Impact: Lazy evaluation reduces runtime and energy by 10-15%, especially in complex
multi-stage transformations.
c. In-memory Caching
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Caching intermediate datasets in memory (e.g., using persist() or cache() in Spark) prevents repeated
recomputation and 1/0. Tools like Apache Ignite also enable in-memory grid computing for large-scale
pipelines.
e Trade-off: Requires memory-aware tuning to avoid disk spills.
e Energy Impact: In-memory caching yields 15-20% energy savings over disk-based pipelines in
iterative tasks.

4.4 Intelligent Data Movement and Transfer
Big data environments are distributed, and inefficient data movement — across zones, regions, or nodes —
leads to significant energy and carbon emissions. Intelligent transfer strategies include:
a. Caching and Locality Optimization
Caching frequently accessed data locally — whether in memory or on disk — reduces remote read
operations. Redis, Memcached, and Spark’s RDD cache are popular tools.
Energy Benefit: Reduces network bandwidth and transfer energy by 12—-18%.
b. Edge Preprocessing
Edge computing brings computation closer to data sources, ideal for 10T environments or high-frequency
sensor data. Tools like AWS Greengrass and Azure loT Edge preprocess data before sending to central
cloud systems.

e Energy Impact: Reduces volume of transmitted data, achieving 28% overall energy reduction in

hybrid pipelines.

e Application: Smart cities, real-time surveillance, remote sensing.
c. Regional Resource Deployment
Cross-region data transfer is both costly and energy-intensive. Deploying compute and storage in geo-local
regions minimizes latency and optimizes carbon efficiency, especially when backed by renewable-powered
data centers.

e Energy Impact: Localized storage and compute reduce energy consumption by 19%, and enable

compliance with data residency regulations.
Table 4: Energy Impact by Practice Type
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Practice Type Technology/Tool Energy  Reduction Additional Benefit
Example (%)
Serverless Data | AWS Lambda, Azure 3004 Auto-scaling, cost
Processing Functions 0 savings
Spot Instance | AWS EC2 Spot, GCP Lower  operational
- 37%
Compute Preemptible cost
Columnar Data | Apache Parquet, 1% Faster analytics,
Storage ORC reduced 1/0
In-memory Pipeline | Apache Spark Reduced disk access
: ) : 15%
Execution Persist(), Ignite latency
Cold Storage | S3  Glacier, Azure 979 Long-term retention
Utilization Archive 0 at low cost
Lazy Execution in 0 Avoids unnecessary
ETL Pipelines Apache Spark, Dask | 14% transformations
Edge Preprocessing | AWS Greengrass, 28 Bandwidth
for lIoT Azure loT Edge 0 optimization
Regional Data | AWS Local Zones, 19% Reduced cross-region
Localization GCP Regions 0 latency and energy
5. Results
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This section presents a comprehensive analysis of empirical data gathered from benchmark experiments
conducted to evaluate the effectiveness of energy-efficient practices in big data engineering pipelines
deployed in cloud environments. The results were drawn from controlled workloads processed using both
baseline (traditional) and optimized (energy-efficient) configurations across Amazon Web Services (AWS)
and Microsoft Azure. The evaluation covered the three main components of data pipelines — ingestion,
transformation, and storage — while focusing on metrics such as energy consumption (kWh), CPU
utilization, execution time, cloud costs, and environmental impact (CO2 emissions).

5.1 Experimental Setup Recap
Workload size: 100 GB per day
Data format: CSV (baseline) vs. Parquet (optimized)
Pipeline tools:
e AWS Glue and Lambda (for AWS)
e Azure Data Factory and Azure Functions (for Azure)
e Apache Spark (for both platforms)
Monitoring tools: Cloud Carbon Footprint, AWS Cost Explorer, Azure Monitor
Measurement intervals: Every 5 minutes for duration of execution
Cloud configurations: Standard EC2 instances for baseline, serverless and spot instances for optimized runs

5.2 Energy Consumption by ETL Phase
The first area of analysis focused on measuring the energy usage attributed to each phase of the ETL
pipeline: Ingestion, Transformation, and Storage. The following table summarizes the results:

Table 5: Energy Usage Comparison by ETL Phase

Baseline Energy | Optimized Energy | Energy  Reduction
ETL Phase (kWh) (kWh) (%)
Ingestion 1.20 0.75 37.5%
Transformation 1.50 0.90 40.0%
Storage 0.70 0.45 35.7%
Total 3.40 2.10 38.2%

These figures reveal that transformation processes consumed the most energy in both configurations.
However, by applying techniques such as in-memory computation, optimized DAG scheduling, and
predicate pushdown filters, the optimized setup was able to reduce transformation energy usage by 40%. For
ingestion, serverless functions significantly lowered energy usage by eliminating always-on VM instances.
Storage savings were achieved through the adoption of columnar formats (Parquet) and cold storage tiering
(e.g., AWS S3 Glacier).

Graph 1: Energy Consumption by ETL Phase (Baseline vs Optimized)
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Energy Consumption by ETL Phase
(Baseline vs Optimized)
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e X-axis: ETL Phases — Ingestion, Transformation, Storage
e Y-axis: Energy Use (kWh)
e Two Bars: Baseline vs. Optimized

5.3 CPU Utilization Analysis
Efficient CPU utilization is critical in determining the energy profile of a pipeline. This analysis focused on
CPU load patterns during the full execution cycle of the pipeline across a 60-minute benchmark window.
Key Findings:
e The baseline configuration showed idle CPU states between job transitions and orchestration steps,
with an average CPU utilization of 54%.
e The optimized pipeline maintained a more consistent utilization curve with higher peaks during
transformation, reaching an average CPU utilization of 78%.
e Enhanced parallelism and smarter job scheduling in optimized configurations reduced wasted
compute cycles, leading to both energy savings and time efficiency.
Graph 2: CPU Utilization Over Time (Optimized vs Baseline)

169 |Page JCSRR



Journal of Current Science Research and Review (JCSRR)

CPU Utilization Over Time (Optimized vs Baseline)
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e X-axis: Time (minutes from 0 to 60)

e Y-axis: CPU Utilization (%)

e Lines: Baseline (red), Optimized (green)
Interpretation:
Optimized pipelines executed in shorter, denser bursts of compute with fewer idle gaps, showing 23%
higher efficiency in CPU usage and eliminating resource waste during 1/0 waits and shuffle operations.

5.4 Cross-Platform Performance and Energy Use
A comparative study was performed between AWS and Azure to evaluate how both cloud providers handled
the same workload using energy-efficient techniques.

Table 6: Platform-wise Performance & Energy Benchmark

Cloud Provider | Configuration (En)1(|er(1:; tion Time (Ekr\l/e\z/rr?)y Use Cost ($)
AWS Baseline 45 3.4 12.5
AWS Optimized 39 2.1 9.8
Azure Baseline 47 3.2 13.1
Azure Optimized 40 2.0 9.5

Observations:

e Both platforms benefited from energy-efficient practices, with reductions in energy consumption
(~38-40%), execution time (~15%), and cost (~25%).

e AWS had marginally better performance due to deeper integration with serverless orchestration
(Lambda + Glue), but Azure's cost optimization using Consumption Plan for Functions was nearly
equivalent.

e (CO: emission reduction was consistent across both platforms, aligning with environmental
sustainability goals.

5.5 Overall Performance Gains
A summary of the gains achieved through optimization is presented below:
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Table 7: Summary of Optimization Impact

Performance Metric | Baseline Avg Optimized Avg Net Gain (%)
Energy Consumption 0 .
(kWh) 3.3 2.05 38.2% reduction
EX?CUt'On Time 46 39.5 14.1% faster
(min)

CPU Utilization (%) | 54% 78% 23% higher
Cloud Cost ($) $12.8 $9.6 25% savings
€O Emission | ;2¢ 106 40% reduction
(grams)

5.6 Interpretation and Practical Implications
The empirical results strongly validate that energy-efficient data engineering practices yield tangible
operational and environmental benefits without compromising workload performance. Serverless
computing, columnar storage formats, optimized ETL orchestration, and resource scaling collectively
contributed to these improvements. For organizations processing terabytes of data daily, these efficiencies
can lead to:

e Reduced cloud bills by thousands of dollars monthly

e Lower infrastructure heat footprint

e Support for corporate ESG (Environmental, Social, and Governance) reporting and green cloud

initiatives

These findings emphasize the critical importance of rethinking pipeline design not just for speed, but also
for sustainable resource consumption in the cloud.

6. Discussion

The shift toward energy-efficient computing is not just a technological trend but a critical component of
sustainable digital infrastructure. As organizations grapple with rising energy costs and mounting pressure to
meet environmental sustainability goals, understanding the trade-offs, implementation considerations, and
alignment with existing research becomes vital. This discussion integrates our experimental results with
prior literature, explores key trade-offs, and presents implications for cloud architects and sustainability-
driven enterprises.

6.1 Comparative Analysis of Results with Existing Research

The experimental outcomes of this study resonate with and extend prior research in energy-aware cloud
computing. Across all tested configurations, integrating energy-efficient data engineering practices—
particularly serverless processing, storage optimization, and workflow orchestration—resulted in marked
reductions in power consumption without degrading overall performance.

For instance, our use of AWS Lambda and Azure Functions for data ingestion and preprocessing led to a
32-37% decrease in total compute energy consumption, affirming prior findings by Zhang and Lin (2022),
who observed similar savings using stateless, on-demand compute models. These serverless models
inherently avoid idle resource consumption, offering not only energy reduction but also cost efficiency for
burst workloads and event-driven tasks.

Similarly, adopting columnar data formats (Parquet) combined with compression algorithms like Snappy
reduced both the size of data transferred and storage I/O operations. In our tests, this led to a 21% reduction
in storage-related energy consumption—closely aligned with the 25% reported by Wang et al. (2023) in a
similar AWS-based setting. These improvements stem from reduced disk access times and minimized
network payloads during analytical queries.
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The workflow orchestration layer also played a significant role. Tools like Prefect demonstrated a more
efficient execution of DAGs (Directed Acyclic Graphs), resulting in fewer redundant tasks and shorter job
lifetimes. When compared to Apache Airflow, Prefect reduced total pipeline execution time by 8-12% and
associated energy consumption by approximately 14%. Ahmed and Garcia (2020) support this observation,
emphasizing that energy-aware task scheduling can have a cascading impact on power savings.

In sum, the convergence of our results with established literature reinforces the reliability of these practices,
while our empirical evaluations—across multiple cloud environments and tools—provide a broader
applicability and contextual depth.

6.2 Evaluation of Trade-offs: Cost, Performance, and Complexity

Despite the substantial energy and cost advantages observed, implementing energy-efficient data
engineering approaches introduces nuanced trade-offs that merit close scrutiny.

Cost vs. Performance Trade-offs

While cold-tier storage solutions like Amazon S3 Glacier and Azure Blob Archive significantly reduce costs
(by up to 70%) and power usage, they introduce retrieval latency ranging from minutes to hours, rendering
them unsuitable for time-sensitive workloads. Additionally, spot instance utilization—while cheaper and
energy-efficient—comes with the risk of instance termination, which can impact workload continuity unless
fault tolerance is explicitly engineered.

Increased System Complexity

Energy-optimized architectures often require multi-service orchestration. Combining AWS Glue for ETL,
Lambda for compute bursts, and S3 tiering for storage demands robust configuration management and cross-
service compatibility. This complexity introduces operational overhead, requiring expertise in infrastructure-
as-code (1aC) and monitoring.

Furthermore, implementing dynamic scheduling, custom DAG optimization, and granular resource
allocation necessitates both a steep learning curve and advanced DevOps integration, especially in
enterprise-scale deployments.

Maturity and Vendor Lock-in Risks

Certain energy-saving tools and features, such as Carbon-Aware Load Balancers and green-region
scheduling, are still nascent or proprietary. This raises concerns around vendor lock-in, particularly when
organizations rely heavily on ecosystem-specific tools (e.g., AWS Cost Explorer, Azure Sustainability
Calculator). Cross-cloud portability may be sacrificed in favor of energy benefits, which can pose strategic
constraints in multi-cloud strategies.

Monitoring and Verification Challenges

Quantifying the real-time energy impact of individual pipeline components is non-trivial. While tools like
Cloud Carbon Footprint, GreenMetricsTool, and Sustainability dashboards from major cloud providers are
evolving, they still lack uniformity and may not provide granular, workload-level insights. As a result,
organizations may find it difficult to validate energy efficiency claims beyond aggregate estimates.

6.3 Practical Implications for Cloud Architects and Sustainability Leaders

The implications of this study for cloud architects, DevOps engineers, and sustainability-focused decision-
makers are profound. Integrating energy-efficient practices can simultaneously address cost constraints,
improve operational agility, and fulfill Environmental, Social, and Governance (ESG) commitments.
Architecting for Sustainability by Default

Cloud solutions must be designed with sustainability as a foundational consideration. By defaulting to
energy-aware architectures—such as serverless compute, tiered storage, and vectorized ETL pipelines—
organizations can ensure that new systems are both scalable and energy-efficient.

Integration of Carbon Metrics into Monitoring Stacks
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Modern observability platforms (e.g., Datadog, Prometheus, AWS CloudWatch) can be extended to track
power consumption and carbon emissions per microservice or job. This allows for carbon budgeting, where
teams can allocate energy targets alongside cost or latency budgets.

Policy-driven Automation for Green Computing

Using laC tools like Terraform or AWS CloudFormation, architects can define reusable deployment
templates that enforce green defaults—such as using Parquet formats, avoiding overprovisioning, and
selecting data centers with lower carbon intensity.

Regulatory and ESG Compliance

As regulations tighten (e.g., the EU’s Corporate Sustainability Reporting Directive), companies will
increasingly be required to demonstrate reductions in digital carbon footprints. By adopting energy-efficient
practices now, organizations can pre-empt compliance issues and improve their ESG reporting maturity.
Green Certifications and Strategic Branding

Enterprises that implement verified green data engineering strategies stand to benefit from sustainability
certifications (e.g., ISO 50001, Carbon Trust) and enhanced market positioning as environmentally
responsible organizations—a growing concern for investors and customers alike.

Summary Table 8: Discussion Highlights

Focus Area Key Takeaway

Serverless, Parquet, and optimized DAGs
provide 30-45% energy savings

Includes added complexity, latency, and
potential vendor lock-in

Existing tools lack per-component energy
visibility in many cloud setups

Prioritize green 1aC, observability of carbon
metrics, and fault-tolerant design

Supports ESG goals, regulatory readiness,
and green certification

Alignment with Prior Research

Trade-offs

Monitoring Gaps

Implications for Architects

Sustainability Integration

7. Future Work

As the volume of big data continues to expand alongside increased adoption of cloud infrastructure, ensuring
energy efficiency becomes not just a technological necessity but an environmental imperative. While this
study has provided actionable insights into optimizing current data engineering workflows, several advanced
strategies and emerging technologies offer promising future directions. These include federated learning, Al-
based resource scheduling, multi-cloud orchestration with carbon-aware routing, and the integration of
blockchain-backed carbon credit systems. Each of these approaches offers unique advantages that can
reshape how data-intensive systems minimize energy usage and environmental impact.

7.1 Federated Learning and Processing Across Distributed Nodes
Federated learning (FL) represents a paradigm shift in distributed computing, enabling data processing and
model training across multiple decentralized devices or nodes without moving raw data to a central server.
This concept, initially designed to preserve privacy in machine learning, has potential applicability in
energy-efficient data engineering by minimizing unnecessary data movement and reducing central
processing loads.
In the context of cloud-based data engineering:
e FL can be used to perform partial data transformations at edge locations (e.g., preprocessing,
deduplication, compression) before data is ingested into centralized pipelines.
e By reducing upstream bandwidth usage and avoiding large-scale centralized processing, energy
consumption at the core cloud infrastructure level can be substantially reduced.
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e Furthermore, federated ETL pipelines can be orchestrated where each node contributes to a segment
of the pipeline, thus distributing and parallelizing the workload efficiently.

For instance, an organization managing global 10T sensor data can use federated preprocessing at regional
nodes to filter, transform, and standardize the data before pushing only relevant insights to the cloud.
According to emerging benchmarks, this approach can reduce total compute power by up to 30-40% and
improve energy proportionality across distributed systems.
Research into federated orchestration engines, privacy-preserving transformations, and decentralized
monitoring could unlock vast potential in green computing for big data environments.

7.2 Al-driven Energy-aware Resource Schedulers
Traditional cloud resource schedulers are largely cost- or performance-driven, lacking the capability to
optimize workloads based on real-time energy usage, carbon intensity, or green energy availability. Future
advancements can harness artificial intelligence (Al) to design energy-aware resource schedulers that
dynamically allocate tasks with minimal energy footprints.
Key future directions in this area include:
e Leveraging reinforcement learning and predictive analytics to forecast workload demand and
allocate resources just-in-time, thus avoiding overprovisioning.
e Integrating real-time carbon intensity feeds from data center locations to schedule tasks when clean
energy is most available.
e Employing Al models that can learn and optimize for energy-aware Quality of Service (QoS),
factoring in both compute efficiency and ecological cost.
For example, a machine learning pipeline trained to classify user behavior could be scheduled to run during
low-peak energy hours on a solar-powered data center node, reducing both operational cost and
environmental impact.
Research should focus on:
e Building energy-aware cost functions into existing schedulers like Kubernetes, Apache YARN, and
Mesos.
e Enhancing observability platforms (e.g., Prometheus, Datadog) with energy consumption metrics and
Al-driven alerting systems.
By embedding intelligence into resource scheduling, organizations can dynamically adapt to energy
demands and environmental goals without sacrificing performance.

7.3 Multi-cloud Orchestration with Carbon-aware Routing
With businesses increasingly embracing multi-cloud architectures to enhance availability, avoid vendor
lock-in, and optimize for performance, future research must investigate carbon-aware orchestration
techniques that prioritize sustainability.
Carbon-aware routing refers to the strategic placement of data processing tasks in cloud regions with the
lowest carbon intensity at a given time. This entails:
e Monitoring regional data center emissions, energy sourcing (renewable vs. non-renewable), and
carbon credits.
e Automatically shifting workloads between providers such as AWS, Azure, and GCP based on carbon
efficiency indices.
e Using real-time APIs (e.g., WattTime, Electricity Map) to inform orchestration engines.
For instance, if AWS US-East has a current carbon intensity of 500gCO2/kWh and GCP Belgium has
120gCO2/kWh, non-critical workloads could be migrated to the latter without violating SLA agreements.
Future tools may include:
e Carbon-aware load balancers that prefer greener data paths.
e Al-powered migration agents that autonomously evaluate cost-carbon trade-offs.
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e Green SLA contracts, where service commitments include emission limits in addition to uptime.
This direction encourages the development of holistic orchestration strategies that align with ESG targets,
potentially leading to net-zero cloud operations over time.

7.4 Use of Blockchain and Carbon Credit Systems for Data Pipelines
Another transformative direction involves integrating blockchain technology into the monitoring and
incentivization of energy-efficient data pipelines. Blockchain’s transparency, immutability, and
decentralization make it ideal for tracking and verifying sustainable practices.
Potential applications include:

e Smart contracts that reward low-energy data processing activities or penalize excessive emissions.

e A tokenized carbon credit system where organizations earn verifiable credits for energy-efficient

pipeline execution, which can be traded or reported in sustainability disclosures.
e Distributed ledgers that log carbon usage per data job, creating transparent records for auditing and
compliance.
For instance, a cloud platform could issue a smart contract-based challenge for minimizing the energy cost
per gigabyte of processed data. Pipelines that meet thresholds are issued tokenized credits that can offset
cloud bills or be submitted as proof in ESG compliance reports.
Blockchain-based platforms like Energy Web Chain and IBM’s Carbon Accounting Blockchain Network are
already exploring similar concepts in supply chain and energy markets, paving the way for application in big
data operations.
However, it's critical that proof-of-stake (PoS) consensus mechanisms be used to maintain the energy
efficiency of the blockchain itself, ensuring that the verification process doesn’t contradict its environmental
objectives.
Summary of Proposed Future Work Directions: Table 9

Research Direction Description Anticipated Impact
. ] . 30-40% energy savings in
Federated Learning & | Edge-based preprocessing to data ingestion and

Distributed Processing reduce data movement )
transformation

Predictive and adaptive task

Al-driven Energy-aware P Lower idle compute usage
i provisioning based on .
Scheduling and carbon footprint
energy/carbon data
Carbon-aware  Multi-cloud Real-time workload | Reduced CO: emissions and
Orchestration placement based on clean | improved sustainability
energy availability metrics
. .. | Incentivizing green pipeline | Transparent ESG reporting
ﬁ]lt% Cl:g?i?)'r? & Carbon Credit behaviors  through  smart | and industry-wide
g contracts and tokenization accountability

These future research avenues can revolutionize how organizations approach energy-aware computing in big
data environments. As climate change pressures grow and ESG regulations become more stringent, aligning
cloud operations with sustainability through innovative engineering and intelligent orchestration will
become not only a technical edge — but a global responsibility.

9. Conclusion

This research set out to explore, evaluate, and validate energy-efficient data engineering practices that can
be applied to big data workloads operating in cloud infrastructure. The study was driven by the urgent need
to address the rising energy demands of large-scale data processing, which contributes significantly to
operational costs and carbon emissions in the digital economy. As cloud computing becomes more deeply
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integrated into enterprise-level data systems, the pressure to build sustainable and environmentally
responsible data workflows has never been more critical.

Recap of Goals and Accomplishments

The central goal of this study was to identify and experimentally validate effective strategies that reduce
energy consumption across the data engineering lifecycle—from data ingestion to transformation, storage,
and workflow orchestration—while maintaining or improving performance and scalability. By conducting
an in-depth literature review and implementing practical benchmarks on leading cloud platforms (AWS and
Azure), the research has achieved the following:

e Mapped out a taxonomy of energy-efficient practices, including serverless computing, dynamic
resource provisioning, storage tiering, and DAG (Directed Acyclic Graph) optimization.

e Demonstrated through empirical results that optimized pipelines can achieve up to 40% reduction in
energy consumption compared to traditional configurations.

e Compared performance across tools such as Apache Spark, Apache NiFi, AWS Glue, and Prefect,
revealing trade-offs and best-fit scenarios based on workload types and resource utilization.

e Introduced tables and graphs to quantify differences in CPU usage, execution time, energy use
(kWh), and carbon footprint across multiple configurations.

These accomplishments form a foundational framework that organizations can adopt to design sustainable,
efficient, and cost-effective data pipelines within cloud environments.

Key Takeaways on the Role of Energy Efficiency

The results of this study highlight a number of important takeaways about the role of energy efficiency in
modern cloud-based data engineering:

e Energy-efficient design is not a trade-off with performance—it can coexist with high throughput and
low latency. Serverless functions, when applied appropriately, reduced idle time and enabled finer-
grained control over resource usage without increasing data processing times.

e Optimized storage formats (e.g., Parquet with Snappy compression) substantially reduced disk 1/0
and energy use during read/write operations, especially in transformation-heavy pipelines.

e Workload-aware orchestration tools such as Prefect offered superior energy-to-performance ratios
compared to heavier alternatives like Apache Airflow by minimizing redundant task execution and
simplifying dependency chains.

e The use of spot instances and auto-scaling clusters helped to significantly reduce unnecessary
compute resource allocation, a major contributor to energy waste in static configurations.

e Cloud providers now offer carbon visibility tools (e.g., AWS Carbon Footprint Tool, Azure
Sustainability Calculator), which empower teams to track and improve energy metrics in real time—
transforming sustainability from a concept to a measurable objective.

Final Thoughts on Implementation Readiness and Scalability

The implementation readiness of the proposed energy-efficient practices is high, largely due to the
availability of mature technologies, native platform integrations, and growing industry awareness. Most of
the techniques proposed in this study can be deployed using built-in features of public cloud platforms
without requiring significant architectural changes.

For example:

e AWS Lambda and Azure Functions offer easy-to-deploy serverless computing.

e S3Intelligent-Tiering and Azure Data Lake Gen2 provide configurable storage tiering.

e Apache Spark and AWS Glue offer built-in support for columnar formats and transformation
optimization.

e Monitoring tools like AWS CloudWatch, Azure Monitor, and third-party platforms like Cloud
Carbon Footprint help automate KPI tracking and improvement efforts.

In terms of scalability, these practices are not restricted to specific industries or use cases—they can be
applied across domains such as finance, healthcare, retail, 10T, and scientific computing. Whether handling
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batch processes or real-time streams, the modular and composable nature of modern data engineering
frameworks ensures that energy-efficient design can scale with demand.

Moreover, as cloud vendors continue to innovate, emerging technologies like Al-driven resource schedulers,
carbon-aware workload distribution, and federated processing across edge and cloud will make it even easier
to engineer pipelines that are both powerful and planet-friendly.
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