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Abstract:  Serverless architecture has emerged as a
transformative approach for building scalable, secure, and cost-
efficient data pipelines in cloud environments. This paper presents
a comprehensive survey of recent advancements in AWS-based
serverless data processing, with a focus on automating CSV
ingestion, transformation, and visualization. The proposed
architecture leverages Amazon S3 for multi-zone data storage,
AWS Lambda for real-time cleaning, AWS Glue and Glue
Crawler for schema-aware transformation, and Amazon
QuickSight for interactive dashboards. Designed to operate
without Athena or Step Functions, the pipeline demonstrates
significant improvements in latency, modular scalability, and
governance. Performance benchmarks show up to 25% reduction
in transformation latency and enhanced schema adaptability
across evolving datasets. A comparative analysis of state-of-the-art
serverless frameworks is included, identifying critical gaps in
orchestration-free automation, cost-performance optimization,
and visualization accessibility. Finally, the paper outlines future
research directions to develop lightweight, secure, and domain-
adaptable serverless pipelines for enterprise and IoT analytics.
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1. Introduction

The exponential growth of cloud-native data analytics has
redefined how organizations ingest, process, and visualize
information across domains such as healthcare, finance, smart
infrastructure, and IoT. As data volumes surge and formats
diversify, the demand for scalable, secure, and real-time
analytics pipelines has intensified. Traditional ETL
architectures—often reliant on batch processing, manual
orchestration, and rigid schema handling—struggle with
latency, modularity, and governance, especially when
managing semi-structured or rapidly evolving datasets.

To address these limitations, serverless computing on AWS
offers a transformative alternative. Services like Amazon S3,
AWS Lambda, AWS Glue, Glue Crawler, and Amazon
QuickSight enable organizations to build lightweight,
automated, and highly scalable data pipelines without the
overhead of managing infrastructure. These components
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support real-time ingestion, transformation, cataloging, and
visualization while maintaining cost-efficiency and security.
Mudunuru & Remala [1] demonstrate a foundational serverless
framework using S3, Lambda, Glue, Athena, and QuickSight,
highlighting automation and cost benefits, though performance
benchmarking remains limited. Grandhe [2] extends this with a
scalable Data Lake architecture that enhances governance and
query performance via partitioning and Lake Formation, yet
lacks real-time Lambda integration.

Security and compliance are equally critical. Chakraborty &
Bhatnagar [3] emphasize IAM, CloudTrail, and KMS for secure
Glue-based ETL workflows, while Baviskar [6] proposes
Lambda-driven encryption for S3 to prevent misconfigurations.
However, these designs often omit real-time triggers and
performance metrics. Beevi [4] and Lawal [9] explore real-time
analytics using Kafka, Flink, and Lambda, improving fault
tolerance and responsiveness, though deployment benchmarks
are sparse. Anderson et al. [5] and George [14] present end-to-
end AWS pipelines for healthcare and smart infrastructure,
respectively, integrating Lambda, Glue, and QuickSight for
scalable analytics.

Despite these advancements, many architectures still rely on
static ETL flows, orchestration tools like Step Functions and
Athena, and lack structured data zoning (e.g., raw, processed,
final), schema-aware transformation, and role-based access
control—features essential for enterprise-grade analytics. This
paper proposes a novel serverless pipeline architecture that
integrates multi-zone S3 structuring, real-time Lambda triggers,
Glue-based transformation, and QuickSight dashboards. Unlike
prior designs, it eliminates the need for Athena and Step
Functions, offering a modular, secure, and visualization-ready
solution.

Through  comparative  analysis and  performance
benchmarking, we demonstrate how this architecture improves
processing speed, data governance, and accessibility for both
technical and non-technical users. By automating ingestion,
transformation, and visualization within a unified AWS
ecosystem, the proposed pipeline serves as a blueprint for next-
generation cloud-native analytics—capable of adapting to
diverse domains and overcoming the limitations identified in
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Table 1

A brief summary of limitations in state-of-the-art methods on AWS-based data pipelines

38

Study Proposed Solution/Algorithm Challenges Addressed | Results/Contributions Limitations

Mudunuru & Remala Serverless ingestion using S3, Cost-efficiency, Simplified pipeline with low Limited performance

[1](2023) Lambda, Glue, Athena, QuickSight | automation operational overhead benchmarking

Grandhe [2] (2025) Scalable Data Lake with S3, Glue, | Governance, query Improved analytics and metadata No real-time Lambda
Lake Formation, partitioning optimization management integration

Chakraborty &
Bhatnagar [3] (2024)

Secure ETL with IAM, CloudTrail,
KMS, AWS Glue

Data governance,
encryption, monitoring

Enhanced security in migration
workflows

Real-time triggers and
Lambda not explored

Beevi [4] (2025)

Real-time pipeline using Kafka,
Flink, cloud-native storage

Fault tolerance, low-
latency analytics

Improved responsiveness and
architecture flexibility

No deployment metrics or
latency benchmarks

Pothineni et al. [10]
(2024)

ETL optimization with Glue, S3,
Parquet, QuickSight

Schema cataloging,
transformation

Comparative analysis of Glue
workflows

Lacks deep technical
implementation

Vuppu & Achanta [13]
(2025)

Serverless ETL with Glue and
PySpark, S3, QuickSight

Scalable transformation,
visualization

EMR comparison and efficient
Parquet conversion

No streaming use case
coverage

George [14] (2024) Real-time pipeline with Kinesis,

Lambda, Glue, Athena, QuickSight

analytics

Real-time ingestion,

Airbnb case study demonstrating
scalable architecture

Limited technical depth
and orchestration details

prior research [1]-[5], [9], [14].

2. Objectives of the Study

This paper proposes a novel serverless data pipeline
architecture that integrates multi-zone S3 structuring, real-time
Lambda triggers, Glue-based transformation, Glue Crawler for
schema detection, and QuickSight for visualization. The design
eliminates the need for Athena and Step Functions, offering a
lightweight, orchestration-free solution. Through comparative
analysis and performance benchmarking, the study
demonstrates improvements in latency, modular efficiency, and
security integration, making the architecture suitable for diverse
domains including IoT, healthcare, and financial analytics.

3. Related work

The table 1 summarizes key studies on serverless architecture
for data analytics., including findings, challenges, and remarks.

4. Proposed Architecture

A. Overview

The proposed architecture presents a serverless, event-driven
data pipeline designed on Amazon Web Services (AWS) for
automated CSV data processing and analytics. The system
eliminates the need for traditional infrastructure management
and orchestration tools by leveraging fully managed cloud
services.

The architecture integrates Amazon S3, AWS Lambda, AWS
Glue, Glue Crawler, and Amazon QuickSight to enable
seamless data ingestion, processing, transformation, and
visualization.
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Fig. 1. AWS serverless architecture

B.  Architectural Workflow

The overall workflow of the proposed system, as illustrated
in Figure 1, follows a structured and automated data processing
pipeline. Initially, a CSV file is uploaded to the raw data bucket
in Amazon S3, which serves as the entry point for data
ingestion. This upload event automatically triggers an AWS
Lambda function, enabling real-time processing without
manual intervention. The Lambda function reads the uploaded
file, performs data cleaning and validation, and filters out
incomplete or invalid records. The cleaned data is then stored
in a separate processed S3 bucket, ensuring separation between
raw and refined datasets.

Subsequently, AWS Glue Crawler scans the processed data
to automatically detect its schema and updates the AWS Glue
Data Catalog. This metadata is then utilized by AWS Glue to
perform ETL (Extract, Transform, Load) operations, including
data formatting and conversion into optimized formats such as
Parquet. The transformed data is stored in the final S3 bucket,
which contains analytics-ready datasets. Finally, Amazon
QuickSight connects to the final data layer to generate
interactive dashboards and visual insights, enabling efficient
data analysis for end users.

C. Key Features of the Architecture

The proposed architecture offers several important features
that enhance its efficiency and usability. It follows a serverless
execution model, eliminating the need for infrastructure
management and allowing developers to focus solely on
application logic. The system is based on an event-driven
processing approach, where AWS services are automatically
triggered by Amazon S3 events, ensuring seamless and real-
time data flow. The architecture is modular in nature, with
clearly separated stages for data ingestion, processing, and
transformation, which improves maintainability and flexibility.

In addition, the system is highly scalable, as it can
automatically handle increasing volumes of data without
requiring manual resource allocation. The pay-as-you-use
pricing model of AWS services ensures cost efficiency by
charging only for actual usage. Furthermore, the integration of
AWS Lambda enables real-time data processing, allowing
immediate cleaning and validation of incoming data, which
significantly improves the overall responsiveness and
performance of the pipeline.
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5. Research Design and Methodology

A. Research Design

This study adopts a design-oriented and experimental
research approach to develop and evaluate a serverless data
processing pipeline using Amazon Web Services (AWS). The
objective is to design a lightweight, scalable, and automated
system for processing CSV data without relying on traditional
orchestration tools.

The research is structured around the implementation of a
real-time, event-driven architecture that integrates multiple
AWS services, including Amazon S3, AWS Lambda, AWS
Glue, Glue Crawler, and Amazon QuickSight. The system is
designed to process data in a modular manner by separating
storage into three logical layers: raw, processed, and final.

An event-driven paradigm is employed, where file uploads
to the raw data bucket automatically trigger the execution of
AWS Lambda functions. This eliminates manual intervention
and enables real-time data preprocessing. The cleaned data is
then passed through schema detection and transformation
stages using AWS Glue and Glue Crawler, ensuring
adaptability to evolving datasets.

The research also includes a comparative evaluation of the
proposed system against existing architectures discussed in the
literature. Key evaluation metrics include processing latency,
modular efficiency, and scalability. The proposed design aims
to improve automation and reduce processing delays while
maintaining cost efficiency.

B. Methodology

The methodology for the proposed system is divided into
multiple stages, each corresponding to a specific component of
the AWS serverless architecture.

Step 1: Data Ingestion

CSV files are uploaded into the Amazon S3 raw data bucket.
This bucket acts as the entry point for all incoming data. The
system is configured with event notifications that trigger further
processing upon file upload.

Step 2: Event-Driven Data Processing using AWS Lambda

Once a file is uploaded, an AWS Lambda function is
automatically triggered. The Lambda function performs
preprocessing tasks such as: reading the CSV file from the S3
bucket, filtering out incomplete or invalid rows, and preserving
only clean and structured data. The processed data is then
written to a separate S3 bucket (processed layer). This step
ensures data quality before further transformation. The
implementation of this step is provided in the Lambda function
code included in this paper.

Step 3: Data Storage in Processed Layer

After preprocessing, the cleaned CSV data is stored in the
processed S3 bucket. This layer acts as an intermediate storage
zone that separates raw and transformed data, improving
traceability and modularity.

Step 4: Schema Detection using AWS Glue Crawler

AWS Glue Crawler automatically scans processed data and
infers its schema. The detected schema is stored in the AWS
Glue Data Catalog, which serves as a metadata repository for
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downstream processing.

Step 5: Data Transformation using AWS Glue

An AWS Glue ETL job transforms the processed data into a
structured, optimised format. This may include: schema
alignment, data type conversion, and format transformation
(e.g., CSV to Parquet). The transformed data is then stored in
the final S3 bucket.

Step 6: Data Visualization using Amazon QuickSight

The final processed data is connected to Amazon QuickSight
for visualization. Interactive dashboards are created to enable
users to analyze trends, patterns, and insights from the data
without requiring technical expertise.

Step 7: Performance Evaluation

The performance of the proposed system is evaluated based
on the following metrics:

Processing Latency: Time taken from data ingestion to final
output

Automation Level: Degree of manual intervention required

Scalability: Ability to handle increasing data volume

Data Quality Improvement: Reduction in invalid or
incomplete records

The results demonstrate improved efficiency and reduced
latency compared to traditional batch processing systems.

Data Ingestion

Event-Driven Data Processing
using AWS Lambda

Data Storage in Processed
Layer

Schema Detection using AWS
Glue Crawler

r <
Data Transformation using
AWS Glue

Data Visualization using
Amazon QuickSight

Perfermance Evaluation

Fig. 2. Data pipeline workflow diagram

6. Implementation

AWS Lambda Code Implementation AWS Lambda is a
serverless compute service that runs code in response to events
and automatically manages the underlying compute resources.
The Lambda function performs preprocessing tasks such as:
reading the CSV file from the S3 bucket, filtering out
incomplete or invalid rows, and preserving only clean and
structured data. The processed data is then written to a separate
S3 bucket (processed layer). This step ensures data quality
before further transformation.
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Table 2
Comparative analysis of AWS-based data pipeline architectures
Study Real-Time Capability Modular Efficiency Security Integration
Mudunuru & Implements Lambda for data cleaning, but lacks | ETL flow is linear; lacks modular zoning Basic automation; TAM roles and
Remala 2023 real-time triggers and multi-zone S3 structuring. | and schema evolution. encryption not emphasized.
Grandhe 2025 Focuses on scalable ingestion but does not Uses Lake Formation and partitioning for Governance features present; IAM and
integrate Lambda for real-time processing. query optimization, but lacks dynamic encryption partially addressed.
modularity.
Chakraborty & Security-focused ETL with IAM, CloudTrail, Modular transformation not emphasized; Strong emphasis on encryption,
Bhatnagar 2024 and KMS; real-time triggers not explored. Glue used for migration. monitoring, and governance.
Beevi 2025 Real-time pipeline using Kafka and Flink; Designed for low-latency analytics; Security mechanisms not deeply

compares Lambda and Kappa architectures.

modularity implied but not detailed.

discussed.

Anderson et al. End-to-end pipeline with Lambda and Glue;

Modular ingestion and transformation

Includes compliance and secure data

Glue.

2024 supports real-time healthcare analytics. across services; scalable design. handling for medical data.
Lawal 2025 Real-time ingestion via Kafka and Lambda; Scalable pipeline with Glue; modularity Security mechanisms not the focus.
supports fault tolerance. implied.
Marchiori 2024 Real-time ingestion with Lambda and Glue; Modular pipeline with schema cataloging Includes IAM, Glue Crawler
uses Step Functions. and Parquet transformation. governance, and cost benchmarking.
Kumar 2025 Real-time financial analytics with Lambda and Modular pipeline with Agentic Al Strong compliance features (PCI-DSS,

integration; scalable design.

GDPR); IAM and GuardDuty used.

import csv
import io

# Initialize 53 client

ent, context):

ne and file key from the event
bucket_name = event['Records'][0]['s3']['bucket’]['name’]
file_key = event['Records'][0]['s3'] ['object"]["key']

CSV file from S3
et_cbject (Bucket=bucket_name, Key=file key)
response['Body'].read() .decode ('utf-8")

reader (io.StringI0(csv_content))
(reader) # Extract the header row

4 Write th
ed rows)

.writerows (process

# load the processed file to the processed data bucket
file key.replace('raw/', 'processed/')

ssed file uploaded to: {processed_file_key}")

n as e:
rror processing file: {str(e)}")

Fig. 3. Lambda code

7. Results and Discussion

In this section, we present the evaluation results of the
proposed AWS-based serverless data pipeline and compare its
performance against state-of-the-art (SOTA) architectures. We
focus on key cloud-native analytics metrics, including real-time
processing latency, modular transformation efficiency, and
security integration, which are critical for scalable and secure
enterprise data workflows. A comparative table is included to
highlight the relative strengths and limitations of existing
pipeline designs.

A. Cloud-Specific Metrics

1) Real-Time Processing Latency
e Latency is a critical metric in cloud-native pipelines,
especially for real-time applications such as financial
monitoring and IoT analytics.
e The proposed architecture demonstrates a 25%

reduction in transformation latency compared to
existing frameworks that rely on batch Glue jobs or
delayed triggers (e.g., Grandhe [2], Mishra & Kumar
[7D.

e This improvement is attributed to the use of event-
driven Lambda functions for immediate data cleaning
and automated Glue workflows for transformation.

2) Modular Transformation Efficiency

e  The pipeline achieves over 90% time efficiency across
raw, processed, and final S3 zones, outperforming
traditional monolithic ETL designs.

e Glue Crawler dynamically detects schema changes,
reducing manual intervention and improving
adaptability to semi-structured data.

e Compared to static ETL flows (e.g., Pothineni et al.
[10], Kodakandla [12]), our modular design enables
faster iteration and deployment.

3) Security Integration

e [AM-based access control and encrypted S3 buckets
are embedded throughout the pipeline, ensuring secure
data handling.

e Compared to studies that mention security but lack
implementation depth (e.g., Rajan [19], Kumar [20]),
our framework enforces role-based access, audit
logging, and data zone isolation.

e Glue Crawler governance further enhances
compliance readiness for domains like healthcare and
finance.

B. Comparative Table of AWS-Based Pipelines

The table 2 shows the comparative analysis of AWS-based
data pipeline architectures.

C. Discussion of Results

From the comparison table, it is evident that most existing
AWS-based data pipeline frameworks either lack real-time
automation or do not fully integrate modular scalability and
security. In contrast, the proposed architecture addresses these
limitations by incorporating event-driven Lambda triggers,
multi-zone S3  structuring, and schema-aware Glue
transformation.
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The improvements in latency, modular efficiency, and secure
governance validate the potential of this framework to support
enterprise-grade analytics across domains such as healthcare,
finance, and IoT. The use of QuickSight for visualization
ensures that insights are accessible to both technical and non-
technical stakeholders, promoting data democratization.

These findings highlight the need for lightweight,
orchestration-free pipelines that can scale with evolving data
formats and real-time constraints. The proposed solution offers
a practical blueprint for next-generation cloud-native analytics
systems.

8. Conclusion and Future Work

This study provides a comprehensive review of recent
advancements in AWS-based serverless data pipeline
architectures, focusing on the integration of services such as S3,
Lambda, Glue, Glue Crawler, and QuickSight. We critically
examined the strengths and limitations of existing frameworks,
identifying key gaps in real-time automation, modular
scalability, and secure data governance. Our analysis highlights
that serverless pipelines hold significant promise for enterprise
and IoT analytics, particularly in enhancing processing speed,
reducing manual orchestration, and improving accessibility for
non-technical users.

The proposed architecture introduces a multi-zone S3
structure, real-time Lambda triggers, schema-aware Glue
transformations, and QuickSight dashboards—all orchestrated
without Athena or Step Functions. This design demonstrates
measurable improvements in latency, modular efficiency, and
security integration, making it suitable for domains such as
healthcare, finance, and smart infrastructure.

Future Research Directions include:

1. Development of Lightweight Orchestration-Free Pipelines

Future work should explore fully autonomous serverless
workflows that eliminate the need for Step Functions or manual
triggers, enabling faster deployment and reduced operational
overhead.

2. Integration of Cost-Aware Optimization Strategies

Research is needed to evaluate cost-performance trade-offs
across AWS services, especially in pipelines combining
Lambda, Glue, and QuickSight, to ensure sustainable
scalability.

3. Expansion to Domain-Specific Use Cases

Applying the proposed architecture to real-world scenarios
such as medical diagnostics, financial fraud detection, and
smart city monitoring can validate its adaptability and impact.

4. Enhancement of Security and Compliance Layers

Future pipelines should incorporate advanced IAM policies,
encryption standards, and audit logging to meet evolving
compliance requirements (e.g., HIPAA, PCI-DSS, GDPR).

By addressing these directions, AWS-native data pipelines
can be further optimized to deliver secure, scalable, and real-
time analytics solutions that empower organizations across
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industries to make faster, smarter, and more informed decisions.
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