
NextGen Scientific Publication  Volume 6 Issue 3, Pg. No. 48-57, AIJCST-V6I3P105, 2024 

American International Journal of Computer Science and Technology  https://doi.org/10.63282/3117-5481/AIJCST-V6I3P105    

 

Original Article 

*Prasanth Varma Addepalli1, Sridhar Reddy Bandaru2, Dhuli Shyam3, Prabu Manoharan4, Muzaffer 
Hussain Syed5, Uday Kumar Ragireddy6 

1Lead Data Architect/ Engineer, Federal Motor Carrier Safety Administration, Atlanta, Georgia. 
2Discover Financial Services, Application Architect for AI/ ML Platforms. 

3Business Application, IT, Nagase Holdings America Corp, Manager, Application & Software Development, NYC, NY. 
4Information Technology, University or Client: Bourns Inc, HRIS Manager, California, USA. 

5Director of IT Projects & Programs, Powersys Inc. 
6Sr Technical Program Manager, Vdrive IT Solutions, Inc, Richardson, Texas. 

 

  

       Article History: 
 

Received: 21.03.2024 

 

Revised: 24.04.2024 

 

Accepted: 05.05.2024 

 

Published: 13.05.2024 

 

 

 

 

 

  

 

 

 

 

 

 

1. Introduction 
The rising role of the storage systems in the contemporary computing environment has been radically changed by the exponential 

growth of digital data due to cloud services, Internet of Things (IoT) platforms, enterprise applications, and data-centric services [1]. 

Storage infrastructures are not confined to mere data repositories anymore, but they are the foundation of mission-critical services 

where performance, reliability, availability, and security are directly affected on user experience and organizational results [2]. Ensuring 

a consistent and efficient storage behavior has become a significant challenge in the operation of the system as the masses and rate of 

access of the masses, as well as the heterogeneity of systems, continue to grow. 

Abstract:  

The fast growth of cloud computing, big data analytics, and distributed applications has made the 

modern storage systems remarkably more complex, and quality management has become a 

serious issue. The Quality Management of Storage Systems (SQM) is expected to guarantee 

efficient, reliable, secure, and scalable data storage services in accordance with the Quality of 

Service (QoS) and Service Level Agreement (SLA) conditions. Although useful, traditional quality 

management methods tend to be ineffective in managing the dynamic, heterogeneous, and large 

size storage infrastructures of the modern world. The paper provides an overview of the literature 

on utilizing machine learning (ML) to improve the quality management of storage system. It talks 

about the main ML paradigms such as supervised, unsupervised, and reinforcement learning and 

examines how all the three can be applied to monitoring storage, performance optimization, fault 

detection, and automated decision-making. In addition to that, the paper discusses ML-enabled 

quality improvement activities as testing, monitoring, debugging, and data evaluation, and 

security and data integrity features to deal with intrusion detection, data corruption, ransomware 

attacks, and adaptive access control. The survey identifies the benefits, issues, and research 

directions of the ML-based SQM and the potential of the system to facilitate intelligent, proactive 

and autonomous quality control in the next-generation storage systems. 
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Storage performance is highly dependent on workloads and the specific setup of the system. The general performance of storage 

systems and operating systems is affected by a wide range of characteristics. However, setting these parameters is usually outside the 

scope of user competence or available time. Even worse, when it comes to preventing instability or data loss, the storage and OS groups 

are quite conservative and don't like to make major modifications to systems [3]. Current methods often rely on human intuition based 

on studies of small workloads, but these approaches struggle to keep up with the dynamic nature of modern workloads and system 

diversity.  

 

One major trend in contemporary logistics and warehousing is intelligent storage, which is a component of intelligent logistics 

[4]. The allocation of storage locations has a significant impact on intelligent storage's effectiveness. By allocating storage locations 

optimally, intelligent storage systems can improve their operational performance, increase inventory stability, shorten retrieval and 

storage distances and times, speed up product turnover, and reduce operating costs.   

 

A subfield of mathematical modelling, machine learning (or AI) enables systems to learn from data rather than being explicitly 

programmed with restrictions and environments [5]. The several crucial components of machine learning are highlighted in this 

description by IBM (International Business Machines Corporation). To start, it's all about a system, a computer with the ability to Learn. 

The goal of learning is to acquire new skills and alter existing ones via exposure to new information and interacting with the world 

around. The branches of statistical modelling and machine learning are defined.  The application of machine learning in reliability 

engineering can help become familiar with these different topics. 

 

1.1. Structure of the Paper 

The study is structured as follows: Section II presents Storage system quality management: concepts and metrics. Section III 

discusses machine learning fundamentals for storage systems. Section IV provides a literature review. The work is summarized and 

recommendations for further research are provided in Section V. 

 

2. Storage System Quality Management: Concepts and Metrics 
Storage Quality Management (SQM) is the methodical procedure of tracking, controlling, and streamlining the systems of storage 

so as to provide trustworthy, effective, dependable and consistent data storage services as specified by QoS and SLA specifications [6]. It 

involves the operation of primary quality parameters such as performance (latency and throughput), reliability, availability, data 

integrity, scalability and security of various storage systems like centralized, distributed, cloud and edge among others. 

 

2.1. Architecture Of Storage Management 

There are some key points of storage management are as follows: 

 A load balancer and an API gateway are two parts of the microservice system. A unification of the external interface and load 

balancing is its primary function. 

 The IPFS component, along with an external storage server and cloud storage, make up the distributed storage subsystem. It 

powers the whole system with its fundamental storage functions. 

 A knowledge map, retrieval server, and IPFS network make up the distributed retrieval subsystem. Metadata on stored material 

is also necessary for the knowledge map to grow. In response to a request from the user, it provides the model. 

 A user-permission server and the IPFS network make up the user system. The system-wide security is ensured by it at the user 

level. 

 

 
Figure 1. Architecture Of Storage Management 
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The efficiency of storage module is dependent on the IPFS file system, as shown in Figure 1, and the performance of the file 

system has a direct impact on the total performance of the module. 

 

2.2. Traditional Software Quality Management  

Software quality management techniques have been around for a long time, but McConnell provides a more modern perspective 

on the methods and tools used in this field [7]. The idea of a defect, sometimes known as a bug, as software behavior that fails to satisfy 

expectations is fundamental to quality management. 

 

Managing software project quality procedures involves seven different areas. 

 Requirements management: This process assesses the incoming needs, which are subject to change, and chooses which 

requirements included in the next software release. 

 Defect management: Opening, debugging, correcting, closing, and counting flaws are all part of this procedure throughout the 

life cycle. 

 Change management: This has to deal with keeping track of versions and modifications to documentation and code as they 

progress through the life cycle. 

 Test Management: This includes things like test effectiveness, code or functional coverage, evaluation metrics (such as defect 

density or test efficiency), and test generation and execution. Everything from white-box unit testing to black-box function 

testing and beyond is subject to this rule of thumb. 

 Dev/Op processes: That handle moving code from development to operations with the right tools and methods, like regression 

tests to make sure the quality of release and support for the run-time environment [8]. 

 Operations management: The system gathers operational incident reports and allows support teams to quickly diagnose and 

remedy problems, sometimes including the original code creators. 

 Project management: This blends these six separate factors into a unified decision support system for risk management via 

dashboards. 

 

3. Machine Learning Fundamentals for Storage Systems 
Machine learning (ML) paradigms establish the way models extract patterns from data and decide [9]. In the management of 

storage system quality, the deployment of these paradigms leads to smart monitoring, forecasting, optimization, and even the automatic 

running of storage activities based on changing workloads. 

 

3.1. Representative Types Of Machine Learning Algorithms 

The challenge at hand and the nature of the desired outcomes dictate the specific ML method types that are specified. You may 

see and read a quick description of the most popular approaches in Figure 2. See how different kinds of ML approaches and techniques 

are related to one another in this diagram. 

 

 
Figure 2. Representative Types Of Machine Learning 
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3.2. Supervised Learning 

A common application of supervised learning is the solution of classification and regression problems using labeled data. A direct 

link between the independent and dependent variables may be constructed using the core regression methods, which include linear 

regression (LR), polynomial regression, and exponential regression. In addition, as seen in Figure 3, there is a regression procedure 

known as Gaussian process regression (GPR) that is becoming more and more popular. 

 

  
Figure 3. Supervised Learning 

 

3.3. Unsupervised Learning 

Unsupervised learning is far more challenging since it requires the computer to learn how to carry out certain tasks without 

being explicitly told how to do so. Because of this, it is not easy to determine the purpose of this learning [10]. There are two methods 

for unsupervised learning. The purpose of this learning process is unsupervised. Unsupervised learning can be approached in two ways. 

Structure may be extracted from the samples in Figure 4 using unsupervised learning methods. It is common practice to minimize a cost 

function that measures the structure's quality in order to deduce the best parameters that describe the hidden structure in the data. 

 

 
Figure 4. Unsupervised Learning 

 

3.4. Reinforcement Learning 

The field of machine learning known as reinforcement learning focuses on how software agents should behave in a given 

environment in order to maximize a concept of cumulative reward, as illustrated in Figure 5. Aside from supervised and unsupervised 

learning, the third fundamental paradigm in machine learning is reinforcement learning. 

 

 
Figure 5. Reinforcement Learning 
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3.5. Quality Improvement Tasks for ML system 

The incorporation of the ML component into the program has altered these conventional tasks. Space constraints prevent an 

entire list of methods and tools from being provided; rather, they are designed to serve as examples. Efforts to enhance quality that 

cover the specifics of evaluating. 

 

3.5.1. Manual Inspection 

The provision of resources When it comes to finding bugs in requirements, architecture, algorithms, and code, manual inspection 

is still the way to go. Methods like pair programming [11] have been incredibly helpful in real-world applications. 

 

3.5.2. Static Analysis 

The use of static analysis to detect bugs in computer programs is an established area of study with a long history [12]. This 

method has recently been used to machine learning programs. When writing code, many development environments provide very 

rudimentary syntax checking. 

 

3.5.3. White Box Testing  

Defects are located by traditional white box testing, which uses program structure knowledge to run the program in ways that 

achieve desired coverage (e.g., branch coverage, statement coverage, etc.) [13]. Interlayer condition-decision linkages, neuronal value 

combinations inside a layer, mutation methods applied to models, data, and source code, and a combinatorial test design based on layer-

by-layer neuron pairs and neuron-activation configurations [14]. 

 

3.5.4. Black Box Testing 

The goal of functional testing, often known as traditional black box testing, is to find bugs in a software component's intended 

external behavior by precisely altering the input space. Test data should not have been utilized to create the model, but should instead 

reflect the business needs in terms of data values and distributions. This is crucial for ML models. Novel test criteria that are customized 

to the structural characteristics and semantics of DNNs have emerged as a result of this, including ideas like neuron coverage [15]. 

 

3.5.5. Data Assessment & Testing 

There are a number of methods and tools that can be used to check the quality of the modeling data as it is being built. Here 

provide a scalable data validation system that can identify abnormalities in machine learning pipelines. 

 

3.5.6. Application Monitoring 

Monitoring applications during operations is an essential activity in machine learning applications, as model performance may 

fluctuate over time due to previously unobserved patterns in operational data or emergent behaviors not anticipated during the model 

development process [16]. Talk about a new way to warn about changes in data distribution or feature space that can lead to data drift, 

based just on the labels that classifiers offer and how confident they are in those labels. 

 

3.5.7. Debugging 

Debugging is one of the most important parts of software creation that doesn't get enough credit. It actually takes a lot of skill and 

work. It is important to determine why the model behaves in a certain way if it runs well in general but produces subpar results when 

applied to a particular job or when exposed to particular input examples. Bad method selection, improper parameter tuning, insufficient 

or poor-quality modeling data, etc., are all potential reasons. 

 

3.6. Storage System Data Integrity and Security 

Cyber threats, data corruption and integrity breaches are becoming more common in modern storage systems because these 

systems are distributed, multi-tenant and cloud-based [17]. Privacy and data integrity are therefore very important in the quality 

management of a storage system. Machine learning (ML) applications offer smart, responsive, and scalable solutions to identify the 

threats, maintain the correctness of the data, and implement safe access controls, which traditional rule-based systems cannot afford. 
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3.6.1. ML-based Intrusion and Anomaly Detection 

The techniques of intrusion and AD are based on the ML that study the storage access patterns, system logs, and network traffic 

to detect the abnormal behaviors that are signs of security breach. Supervised models of learning categories differentiate the known 

attack patterns, unsupervised and semi-supervised models detect the unknown anomalies by learning normal behaviors of the system. 

 

3.6.2. Data Corruption and Silent Data Error Detection 

Corruption of data and silent data errors would be extremely dangerous to the reliability of the storage since they cannot be 

immediately detected by the system. ML methods use historical error logs, checksum differences and hardware health information to 

detect minor corruption patterns. The predictive models are able to identify anomalies in data integrity measurements and have the 

ability to activate recovery or replication processes. 

 

3.6.3. Malware and Detection of Malicious Activity 

A storage system ransomware attack may cause massive data unavailability and loss of finances. ML-based methods are used to 

track file access patterns, encryption tendencies, and I/O rates to differentiate malicious encryption algorithms and honest activity [18]. 

The models of deep learning and behavioral analysis are especially useful to detect the signature of ransomware, as well as abnormal 

write operations in real-time. These strategies make it possible to contain and recover quickly, which greatly enhances the stability of the 

storage systems to diverse cyber-attacks. 

 

3.6.4. Trust Management and Access Control 

To secure the multi-user and multi-tenant storage environments, trust management and access control are necessary [19]. ML 

models are used to analyze the behavior of the user, frequency of access, and the use of privileges to evaluate the level of trust 

dynamically and identify insider threats. ML-based adaptive access control systems can be used to automatically modify permissions 

according to the contextual risk to improve security without sacrificing usability. 

 

4. Literature Review 
The Literature review of Machine learning techniques is increasingly applied to storage quality management across various domains. 

 

Zamzam, Elshabrawy and Ashour, (2019) The service provider ensure that every user has access to enough resources. The 

process of offloading computation to an external platform, such as an edge or cloud server, is known as computation offloading. The 

device's processing power and storage capacity are the determining factors. Due to the unpredictable nature of user tasks and their 

mobility, it is challenging to offer an ideal solution for resource management in a dynamic system. To address this optimization 

challenge, machine learning approaches have been suggested. Here lay out the current best practices for optimizing mobile edge 

computing resource management using machine learning [20]. 

 

Keerthisinghe, Chapman and Verbic, (2019) suggest a policy function approximation (PFA) approach that takes advantage of 

machine learning to efficiently manage PV-storage systems. Two phases, one offline and one online, are used by the algorithm to design 

and execute policies. During the planning phase, a training set of data is utilized to create models that map inputs (states) to outputs 

(decisions) using an appropriate machine learning approach. The training dataset is created by applying an appropriate optimization 

method to a deterministic smart home energy management issue, such as mathematical programming or dynamic programming (DP) 

[21]. 

 

Nestor and Ogudo, (2018) Communication service providers (CSPs) now place a premium on analyzing customer data and 

behavior patterns in order to better serve their customers, anticipate when they may cancel their contracts, or even switch to a different 

CSP altogether, thanks to the daily billions of transactions that customers conduct over voice and data. In order to keep track of client 

transactions, CSPs have developed effective IT infrastructures. These can take several forms, including databases, file systems, etc. This 

study presents a simple approach to predictive analytics that use records from customer relationship management systems to categorize 

prospective clients who are likely to cancel their contracts. The models utilized include logistic regression and random forest [22]. 

 

Aliyu, Chen and He, (2017) Many of networking's long-standing problems are finding fresh life under the Software Defined 

Networking (SDN) design. Given the ever-increasing demands of users, the ever-increasing bandwidth needs, and the ever-increasing 

diversity of applications (such big data analytics) that place greater emphasis on the network, these fresh perspectives are crucial for the 
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future. Consequently, hope that study shed light on a new way to manage resources in SDN-based InterClouds using adaptive (self-

tuning) methods [23].  

 

Ben Yahia et al., (2017) describes a new cognitive management architecture for 5G network management that was created as part 

of the H2020 CogNet project. Two use cases for operators, "SLA enforcement" and "Mobile Quality Predictor," are also shown here. 

Using LSTM (Long Short Term Memory) and other machine learning techniques, the SLA enforcement use case takes on SLA 

management. Another use case, Mobile Quality Predictor, suggests a machine learning framework that can accurately forecast each 

mobile subscriber's bandwidth in real-time [24]. 

 

Table I reviews studies that highlight machine learning’s effectiveness in enhancing storage quality, efficiency, and automation 

across sectors like waste management, and cloud systems, while facing challenges such as scalability, implementation complexity, 

domain specificity, and limited comparative analyses. 

 

Table 1. Research on Storage Quality System Using Machine Learning 

Reference Focus On Approach Key Findings Challenges Limitations / 

Future Work 

Zamzam, 

Elshabrawy and 

Ashour (2019) 

Resource 

management and 

computation 

offloading in Mobile 

Edge Computing 

Machine learning–

based optimization 

for dynamic 

resource allocation 

ML techniques 

effectively handle 

task variability and 

user mobility in MEC 

environments 

Dynamic and 

stochastic user 

behavior, real-

time decision 

making 

Lack of real-world 

deployment; future 

work suggested on 

adaptive and online 

learning models 

Keerthisinghe, 

Chapman and 

Verbic (2019) 

Control of 

photovoltaic (PV)-

storage systems 

Policy Function 

Approximation using 

ML with offline 

planning and online 

execution 

ML-based PFA 

achieved effective 

energy management 

decisions with 

reduced 

computational cost 

Generating high-

quality training 

data from 

optimization 

models 

Scalability to large 

systems; future work 

on real-time learning 

and uncertainty 

handling 

Nestor and 

Ogudo (2018) 

Customer churn 

prediction in 

communication 

service providers 

Predictive analytics 

using Logistic 

Regression and 

Random Forest 

Random Forest 

outperformed 

traditional models in 

churn classification 

Handling large-

scale 

heterogeneous 

CRM data 

Limited feature 

diversity; future 

work includes deep 

learning and 

temporal analysis 

Aliyu, Chen and 

He (2017) 

Resource 

management in 

SDN-based 

InterCloud 

environments 

Adaptive self-tuning 

ML-based resource 

management 

Improved bandwidth 

utilization and 

adaptability in 

dynamic networks 

Rapidly changing 

network demands 

and application 

diversity 

Evaluation limited to 

simulations; future 

work on real-world 

SDN testbeds 

Ben Yahia et al. 

(2017) 

Cognitive 

management of 5G 

networks 

LSTM-based ML for 

SLA enforcement 

and bandwidth 

prediction 

Accurate real-time 

bandwidth prediction 

and SLA compliance 

Data availability 

and real-time 

processing 

constraints 

High computational 

complexity; future 

work on lightweight 

and scalable ML 

models 

 

5. Conclusion and Future 
Traceability and transparency have long been critical issues in supply chain activities. Typical pain points include critical 

intermediaries, process hand-offs, over-centralized business operations, etc. Blockchain, as a distributed shared ledger technology, may 

help increase traceability and extend sup-ply chain visibility by its consensus mechanism and shared ledger. 

 

Traceability and transparency have long been critical issues in supply chain activities. Typical pain points include critical 

intermediaries, process hand-offs, over-centralized business operations, etc. Blockchain, as a distributed shared ledger technology, may 

help increase traceability and extend sup- ply chain visibility by its consensus mechanism and shared ledger. 
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Over the past few years, the high rate of data-driven application development, the use of cloud computing and distributed storage 

infrastructures has greatly complicated the process of ensuring high quality storage services. Providing a stable performance, reliability, 

availability, security and integrity of data has hence turned out to be a significant issue of control in the present-day storage systems. 

Storage System Quality Management (SQM) in this regard has become a formalized method of overseeing, regulating, and streamlining 

storage activities with regards to Quality of Service (QoS) and Service Level Agreement (SLA) guidelines. This literature surveyed the 

main principles of SQM and proved how machine learning tools can be successfully used to expand the range of traditional quality 

management principles and allow intelligent monitoring, predictive analysis, automatic optimization, and adaptable control. ML-based 

SQM offers an active and scalable framework to make modern storage systems with centralized, distributed, cloud, and edge storage 

more robust, efficient, and trustworthy through the combination of supervised, unsupervised, and reinforcement learning with the 

already established quality improvement tasks and security mechanisms.  

 

Future research opportunities entail the design of explainable and interpretable ML models to store quality of the data to enhance 

operational trust and transparency. A more robust approach to data protection in a multi-tenant and distributed storage environment 

can also be obtained through the adoption of federated learning and privacy-conscious ML techniques. Furthermore, a stronger 

combination of reinforcement learning on real-time, self-adaptive optimization of storage security in dynamic workloads is also an open 

area of interest. An additional step to make autonomous, resilient and intelligent next-generation storage systems is the establishment of 

uniform datasets, benchmarks and evaluation metrics of ML-based SQM and the application of digital twins to control predictive quality 

assurance.  

“ 

References 
[1] A. Chakarov, A. Nori, S. Rajamani, S. Sen, and D. Vijaykeerthy, “Debugging machine learning tasks,” arXiv Prepr. arXiv1603.07292, 2016. 
[2] A. Kushwaha, P. Pathak, and S. Gupta, “Review of optimize load balancing algorithms in cloud,” Int. J. Distrib. Cloud Comput., vol. 4, no. 2, pp. 1–

9, 2016. 

[3] Z. Cao, V. Tarasov, S. Tiwari, and E. Zadok, “Towards Better Understanding of Black-box Auto-Tuning A Comparative Analysis for Storage 

Systems,” in 2018 USENIX Annual Technical Conference (USENIX ATC 18), Boston, MA: USENIX Association, Jul. 2018, pp. 893–907. 
[4] W. Wang, J. Yang, L. Huang, D. Proverbs, and J. Wei, “Intelligent Storage Location Allocation with Multiple Objectives for Flood Control 

Materials,” Water, vol. 11, no. 8, 2019, doi: 10.3390/w11081537. 

[5] J. Hurwitz and D. Kirsch, “Machine Learning For Dummies®, IBM Limited Edition,” IBM Ltd. Ed., vol. 75, pp. 9780429196645--6, 2018. 

[6] N. Polyzotis, M. Zinkevich, S. Roy, E. Breck, and S. Whang, “Data validation for machine learning,” Proc. Mach. Learn. Syst., vol. 1, pp. 334–347, 
2019. 

[7] L. Ma et al., “Deepmutation: Mutation testing of deep learning systems,” in 2018 IEEE 29th international symposium on software reliability 

engineering (ISSRE), 2018, pp. 100–111. 

[8] S. Garg, “Predictive Analytics and Auto Remediation using Artificial Inteligence and Machine learning in Cloud Computing Operations,” Int. J. 
Innov. Res. Eng. Multidiscip. Phys. Sci., vol. 7, no. 2, 2019, doi: 10.5281/zenodo.15362327. 

[9] J. Zhang, Y. Wang, P. Molino, L. Li, and D. S. Ebert, “Manifold: A Model-Agnostic Framework for Interpretation and Diagnosis of Machine 

Learning Models,” IEEE Trans. Vis. Comput. Graph., vol. 25, no. 1, pp. 364–373, Jan. 2019, doi: 10.1109/TVCG.2018.2864499. 

[10] G. Barash, E. Farchi, I. Jayaraman, O. Raz, R. Tzoref-Brill, and M. Zalmanovici, “Bridging the gap between ML solutions and their business 

requirements using feature interactions,” in Proceedings of the 2019 27th ACM Joint Meeting on European Software Engineering Conference and 
Symposium on the Foundations of Software Engineering, Aug. 2019, pp. 1048–1058. doi: 10.1145/3338906.3340442. 

[11] J. Dolby, A. Shinnar, A. Allain, and J. Reinen, “Ariadne: analysis for machine learning programs,” in Proceedings of the 2nd ACM SIGPLAN 

International Workshop on Machine Learning and Programming Languages, New York, NY, USA: ACM, Jun. 2018, pp. 1–10. doi: 

10.1145/3211346.3211349. 
[12] A. Gosain and G. Sharma, “Static Analysis: A Survey of Techniques and Tools,” in Intelligent Computing and Applications, New Delhi: Springer 

India, 2015, pp. 581–591. 

[13] K. Pei, Y. Cao, J. Yang, and S. Jana, “DeepXplore: automated whitebox testing of deep learning systems,” Commun. ACM, vol. 62, no. 11, pp. 137–

145, Oct. 2019, doi: 10.1145/3361566. 
[14] J. Sekhon and C. Fleming, “Towards improved testing for deep learning,” in 2019 IEEE/ACM 41st International Conference on Software 

Engineering: New Ideas and Emerging Results (ICSE-NIER), 2019, pp. 85–88. 

[15] L. Ma et al., “Combinatorial Testing for Deep Learning Systems,” 2018. 

[16] S. Ackerman, O. Raz, M. Zalmanovici, and A. Zlotnick, “Automatically detecting data drift in machine learning based classifiers,” in The AAAI-19 

Workshop on Engineering Dependable and Secure Machine Learning Systems Software Engineering for Machine Learning (EDSMLS 2019), 2019. 
[17] V. M. L. G. Nerella, “Automated cross-platform database migration and high availability implementation,” Turkish J. Comput. Math. Educ., vol. 9, 

no. 2, pp. 823–835, 2018. 

[18] S. Nidhra, “Black Box and White Box Testing Techniques - A Literature Review,” Int. J. Embed. Syst. Appl., vol. 2, no. 2, pp. 29–50, Jun. 2012, doi: 

10.5121/ijesa.2012.2204. 



* * Prasanth Varma Addepalli et al. [2024]       
The Role of Machine Learning in Storage System Quality Management: A Comprehensive 

Survey 

 

 

 
56 

[19] S. Garg, “AI/ML Driven Proactive Performance Monitoring, Resource Allocation and Effective Cost Management in SaaS Operations,” Int. J. Core 

Eng. Manag., vol. 6, no. 6, pp. 263–273, 2019. 

[20] M. Zamzam, T. Elshabrawy, and M. Ashour, “Resource Management using Machine Learning in Mobile Edge Computing: A Survey,” in 
Proceedings - 2019 IEEE 9th International Conference on Intelligent Computing and Information Systems, ICICIS 2019, 2019. doi: 

10.1109/ICICIS46948.2019.9014733. 

[21] C. Keerthisinghe, A. C. Chapman, and G. Verbic, “Energy Management of PV-Storage Systems: Policy Approximations Using Machine Learning,” 

IEEE Trans. Ind. Informatics, vol. 15, no. 1, pp. 257–265, Jan. 2019, doi: 10.1109/TII.2018.2839059. 
[22] D. M. J. Nestor and K. A. Ogudo, “Practical Implementation of Machine Learning and Predictive Analytics in Cellular Network Transactions in 

Real Time,” in 2018 International Conference on Advances in Big Data, Computing and Data Communication Systems (icABCD), IEEE, Aug. 2018, 

pp. 1–10. doi: 10.1109/ICABCD.2018.8465476. 

[23] S. O. Aliyu, F. Chen, and Y. He, “QoS-Aware Resource Management in SDN-Based InterClouds: A Software Cybernetics Perspective,” in 2017 IEEE 
International Conference on Software Quality, Reliability and Security Companion (QRS-C), IEEE, Jul. 2017, pp. 429–434. doi: 10.1109/QRS-

C.2017.77. 

[24] I. G. Ben Yahia, J. Bendriss, A. Samba, and P. Dooze, “CogNitive 5G networks: Comprehensive operator use cases with machine learning for 

management operations,” in 2017 20th Conference on Innovations in Clouds, Internet and Networks (ICIN), IEEE, Mar. 2017, pp. 252–259. doi: 
10.1109/ICIN.2017.7899421. 

[25] Mamidala, J. V., Enokkaren, S. J., Attipalli, A., Bitkuri, V., Kendyala, R., & Kurma, J. (2023). Machine Learning Models Powered by Big Data for 

Health Insurance Expense Forecasting. International Research Journal of Economics and Management Studies IRJEMS, 2(1). 

[26] Nadella, V. M. (2023). Zero Trust Architecture for Telecom Operations. International Journal of Emerging Research in Engineering and 

Technology, 4(3), 115-129. 
[27] Bitkuri, V., Kendyala, R., Kurma, J., Enokkaren, S. J., & Mamidala, J. V. (2023). Forecasting Stock Price Movements With Deep Learning Models 

for time Series Data Analysis. Journal of Artificial Intelligence & Cloud Computing. SRC/JAICC-531. DOI: doi. org/10.47363/JAICC/2023 (2), 489, 

2-9. 

[28] Nadella, V. M. (2023). Anomaly Detection and Fault Prediction using ML in Telecom Operations. International Journal of Emerging Trends in 
Computer Science and Information Technology, 4(3), 134-143. 

[29] Kosaraju, P., & Nadella, V. M. (2022). Security and Privacy in IoT Ecosystems. Universal Library of Engineering Technology, (Issue). 

[30] Singh, A. A. S. S., Mania, V., Kothamaram, R. R., Rajendran, D., Namburi, V. D. N., & Tamilmani, V. (2023). Exploration of Java-Based Big Data 

Frameworks: Architecture, Challenges, and Opportunities. Journal of Artificial Intelligence & Cloud Computing, 2(4), 1-8. 
[31] Routhu, K. K. (2023). AI-driven succession planning in Oracle HCM Cloud: Building resilient leadership pipelines through predictive 

analytics. International Journal of Science, Engineering and Technology, 11(5). 

[32] Tamilmani, V., Namburi, V. D., Singh Singh, A. A., Maniar, V., Kothamaram, R. R., & Rajendran, D. (2023). Real-Time Identification of Phishing 

Websites Using Advanced Machine Learning Methods. Available at SSRN 5837142. 

[33] Routhu, K. K. (2023). AI-driven succession planning in Oracle HCM Cloud: Building resilient leadership pipelines through predictive analytics. 
International Journal of Science, Engineering and Technology, 11(5). https://doi.org/10.5281/zenodo.17292018 

[34] From Fragmentation to Focus: The Benefits of Centralizing Procurement. (2023). International Journal of Research and Applied Innovations, 

6(6), 9820-9833. https://doi.org/10.15662/ 

[35] Routhu, K. K. (2023). Embedding fairness into the digital enterprise, data driven DEI strategies with Oracle HCM Analytics. International Journal 
of Scientific Research in Computer Science, Engineering and Information Technology, 9(8), 266-274. 

[36] Routhu, K. K. (2023). AI-driven skills forecasting in Oracle HCM Cloud: From static competencies to predictive workforce design. International 

Journal of Science, Engineering and Technology, 11(1). 

[37] Padur, S. K. R. (2023). AI-Augmented Enterprise ERP Modernization: Zero-Downtime Strategies for Oracle E-Business Suite R12. 2 and 
Beyond. Available at SSRN 5605510. 

[38] Routhu, K. K. (2022). From Case Management to Conversational HR: Redefining Help Desks with Oracle’s AI and NLP Framework. International 

Journal of Science, Engineering and Technology, 10(6). 

[39] Vattikonda, N., Gupta, A. K., Polu, A. R., Narra, B., Buddula, D. V. K. R., & Patchipulusu, H. H. S. (2022). Blockchain Technology in Supply Chain 
and Logistics: A Comprehensive Review of Applications, Challenges, and Innovations. International Journal of Emerging Trends in Computer 

Science and Information Technology, 3(3), 72-80. 

[40] Attipalli, A., BITKURI, V., Mamidala, J. V., Kendyala, R., & KURMA, J. (2022). Empowering Cloud Security with Artificial Intelligence: Detecting 

Threats Using Advanced Machine learning Technologies. Available at SSRN 5741263. 

[41] Padur, S. K. R. (2022). Intelligent resource management: AI methods for predictive workload forecasting in cloud data centers. J. Artif. Intell. 
Mach. Learn. & Data Sci, 1(1), 2936-2941. 

[42] Nadella, V. M. (2022). Digital Twins for Predictive Network Management and System Simulation. International Journal of AI, BigData, 

Computational and Management Studies, 3(3), 100-111. 

[43] Routhu, K. K. (2022). From RFID to Geofencing: IoT-Enabled Smart Time Tracking in Oracle HCM Cloud. International Journal of Science, 
Engineering and Technology, 10(4). 

[44] Nadella, V. (2019). Extracting road traffic data through video analysis using automatic camera calibration and deep neural networks. 

https://doi.org/10.15662/IJRAI.2023.0606006


* * Prasanth Varma Addepalli et al. [2024]       
The Role of Machine Learning in Storage System Quality Management: A Comprehensive 

Survey 

 

 

 
57 

[45] Polam, R. M., Kamarthapu, B., Kakani, A. B., Nandiraju, S. K. K., Chundru, S. K., & Vangala, S. R. (2022). Data Security in Cloud Computing: 

Encryption, Zero Trust, and Homomorphic Encryption. International Journal of Emerging Trends in Computer Science and Information 

Technology, 3(4), 31-41. 
[46] Padur, S. K. R. (2022). AI augmented platform engineering, transforming developer experience through intelligent automation and self 

optimizing internal platforms. International Journal of Science, Engineering and Technology, 10(5), 10-5281. 

[47] Kosaraju, P. , & Nadella, V. M. (2021). Quality of Experience (QoE) and Network Performance Modelling for Multimedia Traffic. Journal of Artificial 

Intelligence and Big Data, 1(1), 1-13. https://doi.org/10.31586/jaibd.2021.1358. 


