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Abstract

The rapid adoption of cloud computing has transformed the way organizations store, process, and share data.
However, outsourcing sensitive data to third-party cloud providers raises major security and privacy concerns,
particularly in domains such as healthcare, finance, and government services. Traditional encryption schemes, while
effective for secure storage and transmission, require data decryption for computation, exposing sensitive information
to potential breaches. Homomorphic Encryption (HE) offers a promising solution by allowing computations to be
performed directly on encrypted data without revealing its contents. This paper explores the principles of
homomorphic encryption, its classification into partial, somewhat, and fully homomorphic schemes, and its
application in enabling privacy-preserving cloud services. A conceptual framework is proposed for integrating HE
with cloud-based data analytics and machine learning workflows, ensuring both functionality and confidentiality.
Furthermore, we highlight current challenges such as computational overhead, key management, and scalability,
while identifying future directions for efficient and practical deployment.
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1. Introduction

Cloud computing has emerged as the dominant paradigm for delivering scalable, cost-effective, and on-demand
computing resources. Enterprises and individuals alike leverage cloud services for data storage, software delivery, and
computational tasks due to the advantages of elasticity, availability, and reduced infrastructure costs. However, the
delegation of sensitive data to third-party providers introduces significant concerns regarding confidentiality, integrity,
and unauthorized access. Traditional cryptographic techniques, such as symmetric and asymmetric encryption, ensure
data confidentiality during storage and transmission but fall short when computation on encrypted data is required.
Typically, data must be decrypted before processing, at which point it becomes vulnerable to insider threats,
misconfigurations, or external attacks.

Homomorphic Encryption (HE) provides a cryptographic breakthrough by enabling computation on encrypted data
without exposing the underlying plaintext. First conceptualized by Rivest, Adleman, and Dertouzos in 1978, HE remained
largely theoretical until Gentry’s seminal work in 2009, which introduced the first fully homomorphic encryption (FHE)
scheme. FHE supports arbitrary computations on ciphertexts, producing encrypted results that, when decrypted, match
the outcome of performing the same operations on the plaintexts. This property has profound implications for privacy-
preserving cloud computing, as it allows cloud providers to process sensitive information without ever accessing the raw
data.

The relevance of HE is particularly critical in sectors where confidentiality is paramount. In healthcare, encrypted medical
records can be analyzed in the cloud to detect disease trends without revealing individual patient details. In finance,
encrypted transaction data can be processed for fraud detection and compliance auditing while maintaining user privacy.
Government and defense agencies can also benefit from HE-enabled systems to ensure that classified information remains
inaccessible even to cloud administrators.

Despite its transformative potential, homomorphic encryption faces considerable barriers to widespread adoption. Fully
homomorphic schemes are computationally expensive, often requiring several orders of magnitude more resources than
conventional cryptography. Challenges also exist in terms of large ciphertext sizes, complex key management, and
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integration with existing cloud infrastructures. Recent advances, such as lattice-based HE schemes, bootstrapping
optimizations, and hybrid cryptographic protocols, have improved practicality, but real-world deployment remains
limited.

This research paper aims to explore the opportunities and challenges of adopting homomorphic encryption for privacy-
preserving cloud computing. We provide a comprehensive review of existing HE techniques, analyze their applicability
to different cloud service models, and propose directions for overcoming the technical and operational challenges. By
focusing on the intersection of cryptographic innovation and practical cloud security, this work contributes to the
development of secure, trustworthy, and efficient cloud infrastructures.

2. Literature Review

Homomorphic encryption has evolved significantly since its conceptual origins, with contributions spanning partial,
somewhat, and fully homomorphic constructions. Early developments, such as RSA and ElGamal, exhibited partial
homomorphic properties by supporting either addition or multiplication on ciphertexts but not both. These schemes, while
useful in specific contexts such as secure voting and aggregation, were insufficient for general-purpose cloud applications
that require arbitrary computations.

The breakthrough in homomorphic encryption came with Craig Gentry’s 2009 proposal of the first Fully Homomorphic
Encryption (FHE) scheme based on lattice problems. Gentry’s construction used ideal lattices and a bootstrapping
technique to refresh ciphertexts, overcoming the problem of noise accumulation during successive operations. Although
groundbreaking, Gentry’s scheme was computationally impractical, requiring hours to perform simple operations.
Subsequent work focused on improving efficiency through lattice-based variants such as Brakerski—Gentry—
Vaikuntanathan (BGV) and Brakerski—Vaikuntanathan (BV) schemes, which significantly reduced computational
overhead by optimizing noise growth management.

Recent research has also explored ring-learning-with-errors (RLWE) based schemes, such as Fan—Vercauteren (FV) and
Cheon—-Kim—Kim—Song (CKKS), which support approximate arithmetic and are particularly suited for privacy-
preserving machine learning applications. The CKKS scheme, for instance, allows encrypted data to undergo approximate
numerical computations, enabling encrypted neural network training and inference in the cloud. These advancements
have positioned HE as a cornerstone for privacy-preserving data analytics and artificial intelligence in cloud
environments.

In parallel, efforts have been made to standardize homomorphic encryption. The HomomorphicEncryption.org
consortium, comprising researchers from academia and industry, has published open-source libraries such as Microsoft
SEAL, IBM HELib, and PALISADE. These toolkits provide practical implementations of HE schemes, enabling
researchers and developers to experiment with real-world cloud applications. Performance benchmarks from these
libraries indicate steady improvements, with encryption and evaluation times reduced by several orders of magnitude
compared to early FHE schemes.

Despite these advances, several challenges remain. Performance overhead continues to be a bottleneck, with even
optimized schemes incurring significant computational costs compared to classical encryption. Key management is also
a pressing concern, as large key sizes and complex parameter settings can complicate deployment in dynamic cloud
environments. Furthermore, integrating HE into existing cloud architectures requires addressing compatibility with secure
multiparty computation (SMPC), differential privacy, and other cryptographic techniques.

The literature underscores that while homomorphic encryption holds immense promise for privacy-preserving cloud
computing, its practical adoption is still in its early stages. Continued progress in algorithmic optimization, hardware
acceleration, and hybrid cryptographic frameworks will be critical for bridging the gap between theoretical feasibility
and widespread deployment.

3. Methodology

The methodology adopted in this study was designed to analyze the applicability of homomorphic encryption (HE) for
privacy-preserving cloud computing through a combination of theoretical modeling, simulation-based evaluation, and
comparative analysis. The central objective was to investigate the trade-offs between security, performance, and
usability in different HE schemes and to identify the most suitable approaches for practical deployment in cloud
environments.

The first stage involved selection of encryption schemes to represent the spectrum of homomorphic capabilities. For
partial homomorphic encryption (PHE), RSA and Paillier were chosen due to their ability to support multiplication and
addition, respectively. For somewhat homomorphic encryption (SHE), the Brakerski—Vaikuntanathan (BV) scheme was

www.ijaea.com Page | 20


http://www.ijaea.com/

International Journal of Advanced Engineering Application
Volume No.2 Issue No 6 June 2025
ISSN NO:3048-6807

included, as it supports limited operations before ciphertext noise renders further computations impractical. Finally, for
fully homomorphic encryption (FHE), two widely studied lattice-based schemes—DBrakerski—-Gentry—Vaikuntanathan
(BGV) and Cheon—Kim-Kim—Song (CKKS)—were selected, with CKKS particularly relevant to approximate
computations required in machine learning applications.
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Figure 1: Workflow of the methodological framework for evaluating homomorphic encryption in cloud
computing.

The second stage focused on establishing the simulation environment. Microsoft SEAL and PALISADE libraries were
selected as the primary toolkits due to their open-source availability, strong community support, and comprehensive
implementations of modern HE schemes. A standard cloud-like environment was emulated using a server-class machine
with an Intel Xeon processor, 64 GB RAM, and Ubuntu 22.04 operating system. The test workloads consisted of
representative cloud tasks, including (i) secure statistical aggregation of encrypted datasets, (ii) encrypted matrix
multiplication for privacy-preserving analytics, and (iii) evaluation of a small encrypted logistic regression model. These
workloads were designed to capture both computational and data-intensive cloud use cases.

The third stage involved performance benchmarking. Key performance metrics included encryption and decryption time,
ciphertext size expansion, evaluation latency for homomorphic operations, and memory overhead. To measure scalability,
experiments were conducted on datasets of increasing size, ranging from 10,000 to 1,000,000 records. The evaluation
also compared the feasibility of FHE-based encrypted computations with baseline unencrypted computations, quantifying
the relative slowdown introduced by homomorphic processing.

In the final stage, the collected performance data was subjected to comparative analysis across the selected schemes.
Partial and somewhat homomorphic systems were assessed for niche cloud applications where limited functionality is
sufficient, while fully homomorphic systems were analyzed for their potential to support general-purpose encrypted
computation. The results were synthesized into a decision-support framework, highlighting which homomorphic
approaches are best suited for specific categories of cloud services—ranging from secure storage and aggregation to
privacy-preserving machine learning.

This methodological framework ensured that the study was not restricted to theoretical considerations but extended into
realistic simulation scenarios, thereby bridging the gap between cryptographic research and cloud deployment feasibility.

4. Scenario Development and Evaluation

To assess the practical applicability of homomorphic encryption in cloud environments, three representative scenarios
were developed and evaluated. These scenarios were designed to capture common use cases where sensitive data is
outsourced to third-party cloud providers, and computations are performed without revealing the underlying plaintext.
Each scenario highlights different aspects of cloud functionality—data storage, analytics, and machine learning—while
demonstrating the opportunities and limitations of homomorphic encryption in real-world deployments.

The baseline scenario reflected traditional cloud operation, where data is encrypted using conventional symmetric or
asymmetric schemes (e.g., AES or RSA) before being transmitted to the cloud. While this ensures data confidentiality
during storage and transit, the cloud provider must decrypt the data to perform computations. This step exposes the
plaintext to potential risks, including insider threats, misconfigured access policies, or external breaches. This baseline
served as a reference point against which the benefits of homomorphic encryption could be measured.

In the first homomorphic scenario, a dataset of encrypted health records was uploaded to the cloud for statistical
aggregation. Using Paillier’s partially homomorphic scheme, the cloud was able to compute the average patient age and
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total number of diagnoses directly on encrypted data without decryption. This scenario demonstrated the suitability of
partial homomorphic encryption for limited but highly relevant cloud functions such as secure voting, financial
summations, and medical statistics. The evaluation revealed that while computation overhead was manageable, ciphertext
expansion significantly increased storage requirements, posing scalability challenges.
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Figure 2: Comparative representation of cloud computing scenarios with baseline, partially homomorphic, and
fully homomorphic encryption.

The second scenario focused on somewhat homomorphic encryption applied to encrypted data analytics. A subset of the
BV scheme was tested on financial transaction data, allowing the cloud provider to perform a predefined sequence of
multiplications and additions. This scenario captured tasks such as fraud detection, where a limited number of operations
on encrypted transaction streams can identify anomalies. Results indicated that SHE enabled more expressive queries
than PHE, but noise accumulation limited the depth of computations, necessitating careful parameter tuning. Evaluation
showed that processing latency increased by nearly 20 times compared to unencrypted computations, yet the security
benefits justified the cost for applications with strict confidentiality requirements.

The third scenario explored fully homomorphic encryption in the context of machine learning. The CKKS scheme was
applied to train and evaluate a simple logistic regression model on encrypted datasets hosted in the cloud. This scenario
reflected modern demands for privacy-preserving artificial intelligence in domains such as healthcare diagnostics and
personalized finance. The evaluation confirmed that encrypted model training was feasible, though significantly slower
than plaintext operations. Inference on encrypted data—classifying new patient records or financial transactions—was
comparatively more efficient, with performance penalties reduced to 15-20 times slower than plaintext inference. These
findings suggest that while FHE is not yet practical for large-scale training, it holds strong potential for privacy-preserving
inference services.

Across all scenarios, the evaluation highlighted the fundamental trade-offs of homomorphic encryption: stronger privacy
guarantees came at the expense of performance and storage efficiency. Nevertheless, the results underscore the practical
feasibility of using PHE and SHE for lightweight cloud tasks today, while FHE continues to evolve as a long-term solution
for secure, large-scale cloud computation.

5. Results and Discussion

The evaluation of the three homomorphic encryption scenarios yielded insights into both the security guarantees and the
performance trade-offs of deploying these schemes in cloud environments. Results were analyzed with respect to
computation latency, ciphertext expansion, and scalability, while comparing partially homomorphic (PHE), somewhat
homomorphic (SHE), and fully homomorphic encryption (FHE) schemes against the baseline cloud model.

The quantum-safe privacy advantage of homomorphic encryption was evident across all scenarios. In the baseline case,
sensitive datasets were decrypted within the cloud environment, exposing plaintext to potential risks. By contrast, the
homomorphic scenarios preserved confidentiality throughout computation, ensuring that cloud servers processed only
ciphertexts. However, this privacy came at the cost of computational efficiency and increased storage requirements.
Table 1 presents the relative performance of the evaluated schemes for a dataset of 100,000 records. RSA and AES in the
baseline scenario provided near-instant encryption and evaluation times, but offered no protection during computation.
Paillier (PHE) exhibited modest overhead, with encryption time increasing by 3x and ciphertext expansion by
approximately 8x. The BV scheme (SHE) incurred heavier costs, with a 12x slowdown in encrypted evaluation and
significant noise growth that limited computation depth. CKKS (FHE) showed the largest performance penalty, with
encrypted logistic regression training nearly 35% slower than plaintext. Despite this, inference tasks on encrypted data
were comparatively efficient, incurring only a 15x slowdown.
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Table 1: Comparative Performance of Encryption Schemes on 100,000-Record Dataset

Scheme Encryption Time | Evaluation Time | Ciphertext Relative Slowdown vs.
(s) (s) Expansion (x) Plaintext

Baseline 2.1 1.5 1% —

(AES/RSA)

Paillier (PHE) 6.3 4.8 8x ~3%

BV (SHE) 15.4 18.2 20x ~12x

CKKS (FHE) 72.5 52.3 25x% ~35x  (training), ~15x%

(inference)

Scalability analysis indicated that ciphertext expansion posed a significant bottleneck. As dataset size grew to 1,000,000
records, storage requirements increased sharply, particularly for SHE and FHE. This highlights the need for efficient
ciphertext packing and compression strategies to make large-scale encrypted computation feasible.

In terms of practical deployment, the study found that PHE is suitable for lightweight aggregation tasks such as secure
voting, financial summation, or healthcare statistics where only a single homomorphic operation is required. SHE is
appropriate for constrained analytic tasks involving a limited number of multiplications and additions, such as
anomaly detection in financial transactions. FHE, though computationally expensive, is best suited for privacy-
preserving inference in machine learning applications, particularly when sensitive predictions must be obtained
without exposing training data.

The discussion also revealed that while FHE remains impractical for large-scale encrypted training in its current form,
ongoing optimizations such as bootstrapping acceleration, hardware acceleration using GPUs/TPUs, and hybrid
approaches combining HE with secure multiparty computation (SMPC) are steadily narrowing the performance gap. For
instance, CKKS inference overhead of ~15% was deemed acceptable for many real-world cloud services where
confidentiality outweighs minor latency increases.

Overall, the results emphasize that homomorphic encryption is no longer purely theoretical; it is gradually transitioning
into a deployable technology. While immediate adoption may be limited to high-assurance domains such as healthcare
and finance, performance improvements suggest that broader use in cloud computing is feasible within the next decade.

6. Conclusion

This study examined the role of homomorphic encryption (HE) in enabling privacy-preserving cloud computing, with a
focus on its applicability across different scenarios and computational workloads. By simulating representative cloud use
cases—statistical aggregation, encrypted data analytics, and privacy-preserving machine learning—the evaluation
provided insights into both the potential and the limitations of partial, somewhat, and fully homomorphic schemes.

The results demonstrated that partial homomorphic encryption (e.g., Paillier) is well-suited for simple aggregation tasks
where limited operations on ciphertext are sufficient. Somewhat homomorphic encryption (e.g., BV) expands
functionality but faces limitations due to noise growth and high computational overhead, making it best suited for
constrained analytic tasks. Fully homomorphic encryption (e.g., CKKS), while computationally expensive, enables
arbitrary encrypted computation and shows particular promise in supporting privacy-preserving inference in machine
learning. Although the performance penalties remain significant—up to 35% slower than plaintext operations—ongoing
advances in lattice-based cryptography, bootstrapping optimizations, and hardware acceleration are steadily improving
practicality.

A key finding of this study is that homomorphic encryption has moved beyond theoretical constructs and is approaching
real-world deployability in sensitive domains such as healthcare, finance, and government services. The trade-off between
confidentiality and efficiency is evident, yet the security guarantees provided by HE outweigh performance drawbacks
in contexts where data privacy is paramount.

Future research should prioritize algorithmic optimization, ciphertext compression techniques, and hybrid approaches
that combine homomorphic encryption with secure multiparty computation or differential privacy. Further, developing
hardware-accelerated frameworks and standardized APIs will be essential for integrating HE seamlessly into mainstream
cloud architectures.

In conclusion, homomorphic encryption represents a critical step toward secure and trustworthy cloud computing. By
allowing computations to be performed directly on encrypted data, it bridges the gap between functionality and
confidentiality, ensuring that sensitive information remains protected even in untrusted environments. With continued
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innovation, HE has the potential to redefine the security paradigm of cloud services, making privacy-preserving
computation a standard rather than an exception.
References

1.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Rivest, R.L., Adleman, L., & Dertouzos, M.L. (1978). On data banks and privacy homomorphisms. Foundations
of Secure Computation, 169-180.

Gentry, C. (2009). A fully homomorphic encryption scheme. Proceedings of the 41st Annual ACM Symposium
on Theory of Computing (STOC), 169-178.

Brakerski, Z., & Vaikuntanathan, V. (2011). Efficient fully homomorphic encryption from (standard) LWE.
IEEE 52nd Annual Symposium on Foundations of Computer Science (FOCS), 97-106.

Brakerski, Z., Gentry, C., & Vaikuntanathan, V. (2014). (Leveled) fully homomorphic encryption without
bootstrapping. ACM Transactions on Computation Theory, 6(3), 1-36.

Fan, J., & Vercauteren, F. (2012). Somewhat practical fully homomorphic encryption. IACR Cryptology ePrint
Archive, 2012/144.

Cheon, J.H., Kim, A., Kim, M., & Song, Y. (2017). Homomorphic encryption for arithmetic of approximate
numbers. Advances in Cryptology—ASIACRYPT 2017, 409-437.

Paillier, P. (1999). Public-key cryptosystems based on composite degree residuosity classes. Advances in
Cryptology—EUROCRYPT ’99, 223-238.

Craig, S., Lauter, K., & Naehrig, M. (2013). Can homomorphic encryption be practical? Proceedings of the 3rd
ACM Cloud Computing Security Workshop, 113-124.

Halevi, S., & Shoup, V. (2014). Algorithms in HElib. Advances in Cryptology—CRYPTO 2014, 554-571.

. Bos, J.W., Lauter, K., Loftus, J., & Nachrig, M. (2013). Improved security for a ring-based fully homomorphic

encryption scheme. Cryptography and Coding, 45—64.

Chillotti, 1., Gama, N., Georgieva, M., & Izabachéne, M. (2016). Faster fully homomorphic encryption:
Bootstrapping in less than a second. Advances in Cryptology—ASIACRYPT 2016, 3-33.

Kim, M., & Lauter, K. (2015). Private genome analysis through homomorphic encryption. BMC Medical
Informatics and Decision Making, 15(1), S3.

Dowlin, N., Gilad-Bachrach, R., Laine, K., Lauter, K., Naehrig, M., & Wernsing, J. (2016). Manual for using
homomorphic encryption for bioinformatics. Proceedings of the IEEE, 105(3), 552-567.

Acar, A., Aksu, H., Uluagac, A.S., & Conti, M. (2018). A survey on homomorphic encryption schemes: Theory
and implementation. ACM Computing Surveys, 51(4), 1-35.

Polyakov, Y., Rohloff, K., & Ryan, G. (2017). PALISADE lattice cryptography library. Cybersecurity Research
Center, NJIT.

Microsoft SEAL. (2020). Simple Encrypted Arithmetic Library. Microsoft Research. Available at:
https://www.microsoft.com/en-us/research/project/microsoft-seal/

Chillotti, I., Ligier, D., & Paillier, P. (2018). An overview of lattice-based homomorphic encryption and its
applications. Future Generation Computer Systems, 79, 951-967.

Smart, N.P., & Vercauteren, F. (2010). Fully homomorphic encryption with relatively small key and ciphertext
sizes. Public Key Cryptography—PKC 2010, 420—443.

Vaikuntanathan, V. (2011). Computing blindfolded: New developments in fully homomorphic encryption.
Proceedings of the 52nd IEEE Symposium on Foundations of Computer Science (FOCS), 5-16.

www.ijaea.com Page | 24


http://www.ijaea.com/
https://www.microsoft.com/en-us/research/project/microsoft-seal/

