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Abstract

Applications powered by data in media, finance, and 10T call for architectures that enable batch processing as well
as real-time workloads. For hybrid processing requirements, conventional solutions sometimes find it difficult to
strike a mix between cost and scalability. This work presents a hybrid data storage system tuned for scalability and
economy of cost. Combining tiered storage, data partitioning, and effective processing pipelines helps the design
maintain sub-10 ms latency for real-time applications and lowers operational expenses by up to 30%. Experimental
results confirm the efficiency of the design, so it is appropriate for sectors needing fast data insights together with

big-scale analytics.
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1. Introduction
1.1 Background

Applications driven by data increasingly call for
storage systems capable of managing batch processing
demands as well as real-time ones [1]. While batch
processing helps large-scale data analysis, usually for
historical patterns, real-time processing is essential for
rapid insights including fraud detection and
personalized suggestions [2]. Supporting both
processing kinds inside a single architecture does,
however, provide distinct difficulties, particularly in
keeping low latency for real-time processing without
incurring unaffordable storage costs.

1.2 Problem Statement

Usually lacking efficient balance between workloads,
most conventional storage systems are best suited for
either real-time or batch processing. While batch
systems concentrate on throughput, usually sacrificing
immediacy for cost savings, real-time systems give
low-latency responses—which are resource-intensive
and expensive top priority [3]. This work attempts to
solve these constraints by suggesting a hybrid data

storage architecture balancing cost and scalability for
batch processing and real-time operation.

1.3 Research Objectives

The objectives of this study include:

a. Designing a scalable and cost-effective hybrid
architecture for real-time and batch workloads.

b. Evaluating the architecture’s performance
relative to traditional systems.

c. Providing implementation guidelines for real-
world applications.

1.4 Contributions
Main contributions of this study are:

a. A new hybrid storage system for batch
processing and real-time access.

b. Benchmarks for performance and economy
proving the benefits of the architecture.

C. Suggestions for using the design in cloud
systems practically.

© 2022, ]JSREM | www.ijsrem.com

DOI: 10.55041/IJSREM17988 | Page 1


http://www.ijsrem.com/
mailto:vg751@nyu.edu

&%’ \3 3%
1]

If'&g'ﬁlnternational Journal of Scientific Research in Engineering and Management (IJSREM)

w Volume: 06 Issue: 03 | March - 2022

SJIF Rating: 7.185 ISSN: 2582-3930

2. Literature Review

2.1 Traditional Data Architectures

Data storage has typically been dominated by
relational databases (RDBMS) and NoSQL solutions.
While applied to real-time workloads RDBMS
systems suffer from great latency, they are well-suited
for organized batch processing [4]. Conversely, low
latency and high throughput NoSQL databases such as
MongoDB and Cassandra match  real-time
applications but lack strong batch processing
capability [5].

2.2 Hybrid Processing Requirements

Combining batch and real-time layers, the Lambda
and Kappa designs solve hybrid processing. Lambda,
for instance, maintains a distinct batch layer for high-
throughput workloads and a real-time layer for
instantaneous results, hence introducing redundancy.
Though efficient, this technique raises storage costs
and operational complexity [6]. Dependent only on
stream processing, the Kappa architecture lacks long-
term data handling [7] and offers minimal support for
batch processing.

2.3 Cost Concerns and Scalability

One still important obstacle in scaling hybrid systems
is their cost. Emphasizing the difficulties in striking
scalability, affordability, and efficiency for hybrid
workloads, Figure 1 shows the cost-performance
trade-offs for popular designs.

3. Design Guidelines for Architecture of Hybrid
Storage Systems
5. Methodology

3.1 Trade-offs for Performance Costs

Hybrid systems have to strike a compromise between
the cost-effectiveness needed for batch jobs and the
great performance demanded for real-time processing.
While HDD-based solutions are more reasonably
priced but unfit for high-speed processing, SSD-based
storage solutions, for example, offer minimal latency
but at great expenses [8].

3.2 Sharding and Data Partitioning

Techniques for partitioning data including horizontal,
vertical, and temporal partitioning maximize data
access and facilitate scalability. ldeal for scaling
workloads, horizontal partitioning distributes data
over several servers; temporal partitioning arranges
data by time for effective batch processing [9].

Table 1: Partitioning Techniques and Applications

Partitionin | Descriptio | Ideal for | Limitation
g Type n
Horizontal | Rows High Complex
distributed | scalabilit | data
acrossDB |y manageme
nt
Vertical Columns Optimize | Limited
distributed | d flexibility
querying
Temporal Partition Batch Inefficient
by time processin | for  real-
g time data
3.3 Storage Tiers

Storage is broken into hot, warm, and cold levels to
control performance and cost. While less often
accessed data is kept in more reasonably priced,
slower storage, such AWS S3 or Glacier [10], hot
storage—that which Amazon DynamoDB uses—is
geared for real-time access.

4. Proposed Hybrid Storage Design
4.1 Architectural Overview

Four basic layers— intake, storage, processing, and
access—make up the suggested architecture. Figure 3
shows the architecture, including optimized
independently for real-time and batch data, the data
paths from ingestion to processing.

4.2 Layer of Ingestion
From several sources—including loT devices and

application logs—the ingestion layer gathers and
directs data to the suitable storage tier. While bulk data
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is kept reasonably cost-effective, it gives real-time
data top priority and guarantees low latency.

a. Storage Layer: Stored throughout hot, warm,
and cold tiers, data is kept cost- and access-oriented.
Tiered storage and data preservation techniques used
in this layer help to control storage expenses and lower
latency [10].

b. Processing Layer: Apache Kafka and Redis
manage real-time data for in-memory storage,
therefore attaining sub-second response speeds.
Apache Spark effectively handles vast quantities on
cloud storage systems [2] for batch processing.

C. Access Layer: The access layer provides
APIs for fast real-time access and lets complicated
batch searches for historical analysis, therefore
facilitating data retrieval.

5. Implementation and Tools

5.1 Technology Stack

The architecture employs a variety of tools.

Table 2: Outlines the Technologies Used and Their
Roles.

caching. Frequent data cache supports and horizontal
partitioning across databases help to meet the hybrid
needs of the design.

5.3 System Configuration

Originally set up on AWS for scalability, the system
dynamically scales with demand using tiered storage
in S3, Glacier, and DynamoDB.

6. Experimental Approach and Setup

6.1 Parameter Benchmarks

The main indicators of performance consist in:

a. Measured in milliseconds for real-time
answers, latency

b. Measuring throughput in transactions per
second (TPS),

c. Monthly storage and processing expenses
define cost efficiency.

6.2 Testing Environment

Operating on AWS, the system simulated workloads
using datasets ranging in size from 1 TB to 10 TB.

Tool Purpose 6.3 Scalability Testing
AWS S3 Cold storage for batch
processing Scalability was assessed by simulating high user loads
Apache Kafka Real-time data and increasing data volumes.
streaming and
ingestion
Redis In-memory  caching Table 3: Benchmarking Metrics and Results
for low-latency Metric Proposed NoSQL
access Architecture | RDBMS
Apache Spark Batch processing and Latency S 200 10
large-scale analytics (ms)
DynamoDB High-speed  storage 5000 1000 4500
for real-time data Throughput
(TPS)
5.2 Techniques of Data Management Cost High Low
Efficiency Medium
To guarantee effective data access and fault tolerance
the system makes use of partitioning, replication, and
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7. Findings and Interpretation

7.1 Performance Examination

Maintaining sub-10 ms response times, the
architecture improved latency and throughput above
conventional systems.

7.2 Cost Evaluation

With hot data kept in DynamoDB and batch data kept
in AWS Glacier, tiered storage produced thirty percent
cost reduction.

7.3 Scalability

Under heavy loads, the system's steady throughput
demonstrated good scalability.

7.4 Reliability

Measures of data replication and redundancy gave
fault tolerance, hence preserving system uptime.

8. Discussion
8.1 Key Results

Appropriate for batch processing and real-time, the
hybrid design strikes a compromise between cost,
latency, and scalability.

8.2 Industry Applications

For industries such finance, healthcare, and e-
commerce—where quick data access and cost-
effectiveness are  vital—this  architecture is
advantageous.

8.3 Limitations

Further practical testing is advised since testing was
restricted to controlled cloud environments.

9. Future Effort

For real-time and batch processing systems, the
suggested hybrid data storage architecture shows a
good mix between scalability, performance, and cost-
efficiency. Still, numerous interesting avenues for next
study could improve and expand on this effort:

Future studies on the integration of artificial
intelligence and machine learning algorithms to
automate data movement among storage tiers
depending on projected usage patterns could drive
While shifting archival data to colder storage, artificial
intelligence could help find real-time or regularly
visited data and dynamically relocate it to hot storage.
By changing to real-time data access patterns, this
method could maximize responses times and help to
lower expenses.

As edge computing expands, distributing portions of
the real-time data processing closer to end users might
greatly lower latency for uses including loT and
autonomous systems. Investigating the viability and
difficulties of bringing this architecture to the edge
would shed important light on how it might meet
distributed data processing needs with low latency.

Serverless computing models—such as AWS
Lambda—may let the design scale compute resources
depending on demand, hence lowering the idle
resource expenses. Future research could look at how
serverless architectures might be included into this
paradigm to maximize costs, especially for batch
processes carried out seldom but need major
resources.

Future studies could include advanced security and
data governance elements as data rules get more
stricter, particularly with laws like GDPR and CCPA.
To assist compliance while keeping processing
efficiency, this covers investigating data encryption
methods, user access control, and automated data
audits.

Using this hybrid architecture in particular sectors,
such healthcare, e-commerce, and financial services,
could offer insightful analysis. Real-world case
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studies could expose special industry constraints as
high compliance requirements in healthcare or the
necessity for ultra-low latency in finance and enable
additional architecture customizing and validation of
the design.

10. Conclusion

Across sectors, the demand for hybrid data storage
systems that effectively handle real-time and batch
processing workloads is fast rising. While efficient for
either real-time or batch processing, conventional
designs usually lack the scalability and adaptability
needed for contemporary hybrid workloads. This work
proposes a unique hybrid data storage architecture
using tiered storage, data partitioning, and dedicated
processing layers for every type of task, therefore
balancing performance with cost-efficiency.

With up to 30% monthly storage cost reductions, our
testing results show that the suggested architecture
maintains sub-10 ms latency for real-time processing
while also significantly lowers expenses. Combining
effective data processing pipelines, in-memory
caching, and multi-tiered storage gives this
architecture a versatile, scalable solution fit for sectors
depending on both instantaneous insights and
thorough historical research.

This study offers a basic model that companies may
use and expand to control several processing needs.
This architecture could change even further to satisfy
the changing needs of data-centric applications with
possible  future improvements like artificial
intelligence-driven data tiering, serverless
architectures, and edge computing. In the end, our
work shows a road towards scalable, reasonably priced
storage architectures able to handle hybrid workloads
in contemporary cloud systems.
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