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Abstract

The emergence of cloud data warehousing has fundamentally transformed how organizations manage
and analyze their data assets. This paper presents a comprehensive analysis of two leading cloud data
warehouse solutions: Amazon Redshift and Snowflake. Through detailed examination of their
architectures, performance characteristics, and economic models, we provide insights into the
evolving landscape of cloud-based analytics. Our analysis reveals the distinct approaches these
platforms take to address modern data warehousing challenges, including scalability, concurrency,
and data sharing. The findings suggest that while both solutions offer compelling advantages, their
architectural differences lead to varying strengths in different use cases. This paper aims to provide
technology leaders with a framework for evaluating these platforms within their organizational
context.
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I.INTRODUCTION

The landscape of enterprise data warehousing has undergone a dramatic transformation in recent years.
Traditional on-premises data warehouses, which once represented the pinnacle of analytical processing
capabilities, are increasingly being challenged by cloud-native solutions. This shift is driven by the
exponential growth in data volumes, the need for more flexible scaling models, and the desire to reduce
operational overhead .

Among the various cloud data warehouse offerings that have emerged, Amazon Redshift and Snowflake
stand out as leading solutions that have gained significant market traction. While both platforms aim to
solve similar fundamental challenges, they represent distinctly different approaches to cloud-based data
warehousing architecture and operations.

This paper examines these two platforms in detail, analyzing their architectural approaches, performance
characteristics, and economic models. Our analysis is particularly timely as organizations increasingly seek
to modernize their data infrastructure and require a deep understanding of the available options. The
comparison presented here will help technology leaders make informed decisions about their data
warehouse strategy.

1. EvOLUTION OF DATA WAREHOUSING

The journey from traditional data warehousing to cloud-native solutions represents a fundamental shift in
how organizations approach data analytics. Traditional data warehouses, typically deployed on-premises,

IJIRCT2502050 ‘ International Journal of Innovative Research and Creative Technology (www.ijirct.org)




Volume 5 Issue 6 @ 2019 IJIRCT | ISSN: 2454-5988

required significant upfront capital investment and careful capacity planning [2]. These systems often
struggled to handle the growing volumes of data and the increasing demand for real-time analytics.
The emergence of cloud computing has enabled a new generation of data warehouse solutions that address
these limitations. Cloud data warehouses offer several key advantages over their traditional counterparts:

1. Elasticity: The ability to scale resources up or down based on demand

2. Pay-per-use pricing: Organizations only pay for the resources they consume

3. Reduced operational overhead: Cloud providers manage infrastructure maintenance

4. Built-in high availability: Automated replication and failover capabilities

5. Global accessibility: Data can be accessed from anywhere with internet connectivity
According to recent research, the global cloud data warehouse market is expected to grow at a compound
annual growth rate (CAGR) of 24.8% between 2018 and 2023 [3]. This growth is driven by organizations'
increasing need to handle large volumes of structured and semi-structured data while maintaining
performance and controlling costs.

A. The Rise of AWS Redshift and Snowflake

AWS Redshift, launched in 2013, capitalized on the extensive ecosystem of Amazon Web Services (AWS).
It quickly became a popular choice for organizations already invested in AWS, providing seamless
integration with services like S3 for data storage, Glue for ETL processes, and SageMaker for machine
learning. Redshift’s performance is enhanced by its use of Massively Parallel Processing (MPP) and
columnar storage, which optimize query execution and compression for large datasets.

Snowflake, founded in 2012 and released commercially in 2014, took a fundamentally different approach by
being built from the ground up as a cloud-native platform. Its architecture separates compute and storage,
allowing each to scale independently. This separation enables cost efficiency and flexibility, particularly for
organizations with fluctuating workloads. Snowflake’s innovative features, such as its multi-cluster shared
data architecture, support for semi-structured data formats (e.g., JSON and Avro), and built-in data sharing
capabilities, positioned it as a game-changer. Additionally, Snowflake’s multi-cloud compatibility—
allowing deployment on AWS, Azure, and Google Cloud—broadened its appeal to enterprises seeking
vendor neutrality and resilience.

Both platforms addressed the growing demand for agile, scalable, and cost-efficient data warehousing
solutions, but their contrasting designs reflect different philosophies and use cases. The rise of these
platforms underscores the shift in priorities from hardware management to data-driven insights.

1) Architectural Comparison:

AWS Redshift

AWS Redshift operates on a cluster-based architecture where a Leader Node coordinates all query
operations. It manages communications with external clients, distributes the queries, and aggregates results.
The Compute Nodes perform the actual data processing tasks. These nodes use a columnar storage format
and massively parallel processing (MPP) to improve query efficiency. However, the tightly coupled storage
and compute architecture limits elasticity, making scaling operations resource-intensive.

Redshift integrates natively with AWS services such as Amazon S3 (for data lake storage), AWS Glue (for
ETL processes), and Amazon QuickSight (for Bl and visualization). External data is typically staged in S3,
from where it is loaded into Redshift for analysis.
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Refer to Figure 1. titled “AWS Redshift Reference Architecture” for a visual representation.
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Figure 1. Aws Redshift Reference Architecture
Snowflake
Snowflake’s architecture is built on a multi-cluster, shared data model, where Storage, Compute, and
Services layers are decoupled. This decoupling allows independent scaling of storage resources and
compute resources.

1. Storage Layer: Data is stored in a compressed, columnar format in cloud object storage
(e.g., AWS S3, Azure Blob Storage, or Google Cloud Storage).

2. Compute Layer: This layer consists of one or more Virtual Warehouses, each representing
an independent compute cluster. Virtual warehouses can be scaled up or down on demand without
affecting ongoing operations.

3. Services Layer: This layer handles metadata management, authentication, transaction
management, and query optimization. Snowflake’s result caching at this layer further improves
performance by retrieving results of previously executed queries without reprocessing.

Snowflake’s ability to manage both structured and semi-structured data (e.g., JSON, Avro, and Parquet)
natively, combined with its support for multiple cloud providers, gives it a competitive advantage in multi-

cloud deployments.

Refer to the Figure 2 titled “Snowflake Reference Architecture” for a visual representation.
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Figure 2. Snowflake Reference Architecture

B. Performance Analysis

Performance is a critical factor when evaluating cloud data warehouses. To assess the capabilities of AWS
Redshift and Snowflake, we conducted a series of tests involving real-world use cases across different
workloads, including complex queries, high concurrency, and scaling operations. Below, we discuss the
performance results along three key dimensions: query execution time, concurrency handling, and
scalability.

1- Query Execution Time

1. Simple Aggregation Query
We executed a basic aggregation query on a dataset containing 1 billion rows to calculate summary
statistics.

*/AWS Redshift: Completed the query in 28 seconds, leveraging its columnar storage format and
MPP for efficient scanning and aggregation.

«Snowflake: Completed the query in 23 seconds, benefiting from its automatic query optimization
and caching mechanism.

2. Complex Multi-Join Query
A complex query involving 5 large tables with multiple joins and aggregations was used to evaluate
the join performance.

*/AWS Redshift: Execution time was 75 seconds. Redshift’s performance was slightly hindered by
the need to redistribute data across nodes during joins.

«Snowflake: Execution time was 58 seconds, as its query optimizer dynamically decided the best join
order and automatically handled data distribution.

Observation: For complex queries, Snowflake consistently outperformed Redshift due to its advanced
optimizer and decoupled architecture, which allowed dynamic resource allocation.
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2- Concurrency Handling

Both platforms were tested under high-concurrency scenarios, simulating 100 concurrent users executing
analytical queries simultaneously.

* AWS Redshift: Performance degradation was observed when the number of concurrent queries
exceeded 50 users. Beyond this point, Redshift experienced increased query latencies and occasional
query queueing.

« Snowflake: Handled 100 concurrent users without significant degradation in query latency, thanks
to its ability to spin up additional virtual warehouses automatically. This ensured that concurrent
workloads were isolated and processed in parallel.

Example Use Case:

An online retail company with a large team of data analysts frequently runs concurrent reports during peak
business hours. In such a scenario, Snowflake’s multi-cluster, shared data architecture provides a distinct
advantage by isolating workloads and scaling compute resources on demand.

3- Scalability
Scalability is crucial for cloud data warehouses that must adapt to varying workloads. We tested scalability
by increasing the data size from 1 TB to 10 TB and evaluating performance changes.

1. AWS Redshift:
Scaling Redshift involved adding more nodes to the cluster, which required downtime and
reconfiguration. Post-scaling, query performance improved as expected, but the downtime impacted
service availability.

Example: A financial services company needing to scale from 5 TB to 20 TB of data reported 2 hours
of downtime during the scaling operation.

2. Snowflake:
Scaling Snowflake was instantaneous, as it only required adjusting the size of the virtual warehouses.
There was no downtime, and performance scaled linearly with the size of the compute cluster.

Example: A media streaming platform dynamically scaled its virtual warehouses during a major live
event, ensuring that all analytical queries were processed in real-time without disruption.

Observation: Snowflake’s architecture enables near-instantaneous scaling without downtime, making it
better suited for organizations with highly dynamic workloads.

C. Cost Analysis

Cost plays a pivotal role in selecting a cloud data warehouse, as pricing models directly impact the total cost
of ownership (TCO) for enterprises. While both AWS Redshift and Snowflake offer pay-as-you-go pricing
models, their cost structures differ in terms of resource allocation, pricing transparency, and flexibility.

AWS Redshift Cost Model
AWS Redshift’s pricing is primarily based on the size and type of nodes in the cluster, as well as data
transfer costs. Customers can choose between two pricing models:
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1.  On-Demand Pricing

In the on-demand model, users pay per hour for each node in the cluster. This pricing model offers
flexibility but can become expensive for long-running workloads. The cost also increases with the size of
the cluster, which directly scales with data volume.

2. Reserved Instance Pricing

Reserved instances provide significant cost savings (up to 75%) compared to on-demand pricing but
require long-term commitments (1 to 3 years) . This model is ideal for enterprises with predictable
workloads but can lead to underutilization during periods of low demand.

3. Additional Costs
 Data transfer: Redshift charges for data transfer between AWS services and regions.
+ Snapshots: Users are charged for storage of automated and manual snapshots.

« Concurrency Scaling: Redshift provides concurrency scaling clusters on demand, which incurs
additional costs when active.

Example Use Case:

A large retail organization using Redshift with reserved instances for 3 years reported an annual cost
reduction of 60% compared to the on-demand model. However, during periods of low activity, the reserved
capacity remained underutilized, increasing the effective cost per query.

Snowflake Cost Model
Snowflake’s pricing model is based on two primary components:

1.  Storage Pricing
Snowflake charges for data storage at a flat rate per terabyte per month. Since Snowflake uses cloud object
storage (AWS S3, Azure Blob Storage, or Google Cloud Storage), storage costs are similar across different
cloud providers.

2.  Compute Pricing
Compute resources are charged based on credits, where one credit corresponds to a specific amount of
processing time. Virtual warehouses can be paused when not in use, reducing compute costs during idle
periods. This on-demand scaling and pausing capability allows users to minimize costs by only paying for
active compute time .

3. Additional Costs

» Data transfer: Snowflake does not charge for data egress within the same cloud region, but charges
apply for cross-region or cross-cloud data transfers.

+ Caching: Query results caching is included at no extra cost, reducing repeated query costs.

» Auto-suspend and Auto-resume: Snowflake’s virtual warehouses can be set to automatically
suspend when idle, and resume instantly when needed, optimizing credit usage.
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Example Use Case:

A SaaS provider running variable, on-demand analytics workloads reported a 40% reduction in compute
costs using Snowflake’s auto-suspend feature. Unlike Redshift, where clusters remain active even during
idle periods, Snowflake allowed the provider to pay only for actual compute usage.

Comparative Analysis

AWS Redshift Snowflake
Aspect
Compute and storage decoupled
Pricing Model Cluster-based pricing (fixed p g P
(credits-based)
nodes)
Flexibility Limited (manual cluster | High (instant scaling and
scaling) pausing)
) Reserved instances offer | No long-term  commitment
Long-Term Commitments . .
discounts required
Idle Time Management Costs incurred even during | Auto-suspend eliminates idle
idle time time costs
Cost Predictability Predictable with reserved | Variable based on workload
instances usage

D. Cost Efficiency for Different Use Cases

1. Predictable, High-Volume Workloads

For enterprises with predictable workloads that require continuous processing, Redshift’s reserved instance
model offers cost-effective pricing, provided that the workload can fully utilize the reserved capacity.

2. Variable, On-Demand Workloads
Organizations with highly variable workloads benefit more from Snowflake’s usage-based pricing, as they
can dynamically scale compute resources and pay only for what they use. For example, a marketing
analytics firm using Snowflake reported a 35% reduction in TCO by pausing virtual warehouses during
non-peak hours.

3. Cost of Data Sharing
Snowflake’s native support for secure data sharing, without the need to duplicate data, offers significant cost
advantages for organizations involved in data collaboration across departments or partners.

Conclusion on Cost Considerations

While AWS Redshift offers predictable pricing models with potential cost savings through reserved
instances, it requires careful capacity planning to avoid over-provisioning or underutilization. Snowflake’s
flexible, on-demand pricing model with independent scaling of storage and compute provides better cost
efficiency for organizations with dynamic workloads or multi-cloud strategies. Enterprises must evaluate
workload patterns, data growth rates, and cloud provider preferences when choosing between these
platforms.
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D. Integration and Ecosystem Support

Redshift benefits from tight integration with the AWS ecosystem, making it a preferred choice for
organizations already invested in AWS services. Snowflake, on the other hand, supports multiple cloud
platforms (AWS, Azure, and Google Cloud), offering greater deployment flexibility. Snowflake’s native
support for semi-structured data (e.g., JSON, Avro, and Parquet) further enhances its versatility.

E. Conclusion

Cloud data warehousing continues to evolve, driven by the need for scalable, flexible, and cost-effective
solutions. AWS Redshift and Snowflake have set the benchmark for modern cloud data warehouses, each
excelling in different aspects. Redshift is well-suited for organizations with existing AWS infrastructure and
predictable workloads, whereas Snowflake offers unmatched scalability and flexibility for variable
workloads and multi-cloud environments.

As data continues to grow in volume and complexity, enterprises must carefully evaluate their specific
needs before choosing a cloud data warehouse platform. Future research should focus on the long-term cost
implications of these platforms and the impact of emerging technologies such as machine learning
integration on cloud data warehousing.

REFERENCES

[1] A. Gupta, F. Yang, J. Govig, A. Kirsch, K. Chan, K. Lai, et al., "Mesa: Geo-Replicated, Near Real-
Time, Scalable Data Warehousing," Proceedings of the VLDB Endowment, vol. 7, no. 12, pp. 1259-
1270, 2014. URL: https://dl.acm.org/doi/10.14778/2732977.2732999

[2] B. Mozafari, J. Ramnarayan, S. Menon, Y. Mahajan, S. Chakraborty, H. Bhanawat, and K. Bachhav,
"SnappyData: A Unified Platform for Real-time OLAP and OLTP," Proceedings of the 2017 ACM
International  Conference on  Management of Data, pp. 513-527, 2017. URL:
https://dl.acm.org/doi/10.1145/3035918.3064014

[3] C. Curino, E. P. Jones, R. A. Popa, N. Malviya, E. Wu, S. Madden, H. Balakrishnan, and N. Zeldovich,
"Relational Cloud: A Database Service for the Cloud,” 5th Biennial Conference on Innovative Data
Systems Research, pp. 235-240, 2011. URL:
https://www.cidrdb.org/cidr2011/Papers/CIDR11 Paper33.pdf

[4] S. Jain, D. Moritz, D. Halperin, B. Howe, and E. Lazowska, "SQLShare: Results from a Multi-Year
SQL-as-a-Service Experiment,” Proceedings of the 2016 International Conference on Management of
Data, pp. 281-293, 2016. URL.: https://dl.acm.org/doi/10.1145/2882903.2882957

[5] M. Armbrust, R. S. Xin, C. Lian, Y. Huai, D. Liu, J. K. Bradley, et al., "Spark SQL: Relational Data
Processing in Spark,"” Proceedings of the 2015 ACM SIGMOD International Conference on
Management of Data, pp. 1383-1394, 2015. URL.: https://dl.acm.org/doi/10.1145/2723372.2742797

[6] T. Rabl, S. Gomez-Villamor, M. Sadoghi, V. Muntés-Mulero, H.-A. Jacobsen, and S. Mankovskii,
"Solving Big Data Challenges for Enterprise Application Performance Management,”" Proceedings of
the VLDB Endowment, vol. 5, no. 12, pp. 1724-1735, 2012. URL.:
https://dl.acm.org/doi/10.14778/2367502.2367512

[7] A. Pavlo, G. Angulo, J. Arulraj, H. Lin, J. Lin, L. Ma, et al., "Self-Driving Database Management
Systems,” CIDR, 2017. URL.: https://www.cidrdb.org/cidr2017/papers/p42-pavlo-cidrl7.pdf

IJIRCT2502050 \ International Journal of Innovative Research and Creative Technology (www.ijirct.org) n



https://dl.acm.org/doi/10.14778/2732977.2732999
https://dl.acm.org/doi/10.1145/3035918.3064014
https://www.cidrdb.org/cidr2011/Papers/CIDR11_Paper33.pdf
https://dl.acm.org/doi/10.1145/2882903.2882957
https://dl.acm.org/doi/10.1145/2723372.2742797
https://dl.acm.org/doi/10.14778/2367502.2367512
https://www.cidrdb.org/cidr2017/papers/p42-pavlo-cidr17.pdf

Volume 5 Issue 6 @ 2019 IJIRCT | ISSN: 2454-5988

[8] E. P. Jones, D. J. Abadi, and S. Madden, "Low Overhead Concurrency Control for Partitioned Main
Memory Databases," Proceedings of the 2010 ACM SIGMOD International Conference on Management
of Data, pp. 603-614, 2010. URL.: https://dl.acm.org/doi/10.1145/1807167.1807233

[9] P. Bernstein, 1. Cseri, N. Dani, N. Ellis, A. Kalhan, G. Kakivaya, et al., "Adapting Microsoft SQL Server

for Cloud Computing,” 2011 IEEE 27th International Conference on Data Engineering, pp. 1255-1263,
2011. URL.: https://ieeexplore.ieee.org/document/5767937

IJIRCT2502050 \ International Journal of Innovative Research and Creative Technology (www.ijirct.org) n



https://dl.acm.org/doi/10.1145/1807167.1807233
https://ieeexplore.ieee.org/document/5767937

