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Abstract- Data migration of large volumes of data from legacy information systems to cloud-based architecture is becoming
more and more common in enterprise digital transformation projects, traditional data migration methods usually suffer from
issues related to the use of disparate data format, incompatibility of data schema, migration downtime, inefficient resource
utilization, and insufficient data validation. These issues lead to lengthy migration process, higher migration risks, and lower
migration performance. This research proposes a Cloud Native Enterprise Data Migration Framework (CN-EDMF) that
combines data discovery, data dependencies, data harmonization, workload management, resource management, and data
validation in one migration framework. The proposed framework employs metadata-based intelligence for identifying
relationships within enterprise datasets, determining optimal migration sequence, and allocating cloud resources according to
the characteristics of workloads. Moreover, automated mechanisms for ensuring data quality and data integrity verify that the
process is executed successfully and reliably. The framework was evaluated experimentally using enterprise datasets varying
between 5 TB to 25 TB and was compared with other existing frameworks including ServiceMiner (SM) and CloudNet (CN). As
a result, CN-EDMF has managed to achieve the following results Migration Success Rate of 99.2%, Data Quality Preservation
of 99.4%, Migration Reliability of 99.6%, and Resource Utilization Efficiency of 94.4%. The research proves the effectiveness of
the proposed framework for improving the migration process. It provides an efficient solution for cloud-native enterprise

migration.
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I. INTRODUCTION

Today’s enterprises produce tremendous amounts of data that
is vital for their functioning using various operational systems,
customer relation management systems, enterprise resource
planning software, and analytics systems [1]. With digital
transformation gaining momentum within many businesses
today, the inadequacies of legacy environments have become
clearer. Such systems usually have scalability issues, poor
architecture, high maintenance cost, and lack interoperability
[2]. That is why companies today are gradually moving towards
cloud-based solutions [3]. The quick embracement of cloud
computing technology has brought about a revolution in the
way in which companies have been storing and managing their
data [4]. Cloud-based technologies provide features such as
elastic provisioning of resources, distributed processing power,
and automation facilities which enhance efficiency in
operations [5]. Nevertheless, the transition of enterprise data

from old technologies to cloud-based environments has become
a challenging task due to the complexity involved in the entire
process [6].

Data migration in enterprise involves more than data transfer
processes. Businesses need to make sure that their data is
secure, consistent, accessible, and maintains its integrity during
the entire process of data migration [7]. If migration processes
are not managed efficiently, it can result in data corruption,
disruption of services, legal complications, and loss of money.
Hence, contemporary frameworks for data migration should
have intelligent planning and validation capabilities to avoid
potential risks [8]. Enterprise legacy environments tend to have
more than one integrated system that has been created over a
period of several years utilizing different types of technologies
and architectures [9]. Such systems are known to have many
dependencies between the databases, applications, and business
processes. The existing methodologies of migration do not take
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dependencies into account, hence failure in migration processes
[10].

Cloud-native  technologies  present  possibilities  for
organizations to take advantage of optimized infrastructure
usage through microservices, containers, distributed storage,
and orchestration tools [11]. Nevertheless, to make use of all
this potential, it is necessary to perform extensive schema
transformation and workload adjustment. Lack of proper
schema synchronization may cause incompatibility between
source and target systems, resulting in decreased performance
and accessibility of data after migration [12]. The growing
amount, type, and speed of enterprise data have contributed to
making the migration process even more challenging [13].
Contemporary firms create structured, semi-structured, and
unstructured data from different areas of their business
operations [14]. To manage all this data, advanced migration
intelligence needs to be used to assess the quality of data, detect
any duplicates, and find the best ways to migrate it [15].

Resource allocation is yet another important factor that impacts
the success of migration. In the case of enterprise migration
initiatives, there are significant demands made on computing
power, storage space, and network infrastructure [16]. Fixed-
resource allocation strategies often lead to underutilization of
resources and inefficiencies in the use of resources. On the
other hand, adaptive resource management in clouds helps
address this issue [17]. Recent innovations in the areas of cloud
computing, software defined networking, workflow
scheduling, and service-oriented modernization have made
major contributions in the field of migration studies [18].
Current models such as ServiceMiner, CloudNet, and various
others have shown improvements in specific components of
migration [19]. However, most current approaches concentrate
only on particular aspects like service extraction, virtual
machine migration, or resource optimization without offering
an integrated migration environment for enterprise
modernization [20].

In order to counter these challenges, the suggested Cloud-
Native Enterprise Data Migration Framework (CN-EDMF)
incorporates a robust migration architecture that includes
automated discovery, dependency mapping, workload
prioritization, schema normalization, adaptive provisioning on
the cloud, and continuous verification. The suggested
framework makes use of metadata-based intelligence to
examine the enterprise environment and control the migration

process with reduced disruptions in operations. CN-EDMF
improves migration scalability, efficiency, and reliability
through the inclusion of multiple optimization techniques. The
findings of experiments performed on big enterprise datasets
clearly prove the efficiency of the suggested model in terms of
the enhancement of migration success rate, quality
preservation, resource consumption optimization, migration
robustness, and cost optimization. This model allows
enterprises to achieve sustainable enterprise modernization by
helping enterprises switch from traditional infrastructure to
cloud-native one confidently. It can be concluded that CN-
EDMF is a great breakthrough in enterprise migration research.

Hypotheses

e H1: The proposed CN-EDMF framework greatly enhances
the Migration Success Rate compared to the existing
migration frameworks.

e H2: The proposed CN-EDMF framework greatly reduces
the migration processing time through efficient resource
allocation and prioritization.

e Ha3: The proposed CN-EDMF framework greatly enhances
Data Quality Preservation in cloud migration.

e H4: The proposed CN-EDMF framework greatly enhances
Migration Reliability.

e H5: The proposed CN-EDMF framework greatly reduces
the migration cost through efficient cloud resource
utilization.

Objectives of the Research

1. For developing an architecture to facilitate cloud-native
migration of data from legacy systems.

2. To automate the process of dependency mapping and
workload prioritization during the migration process.

3. To develop techniques for schema harmonization and data
quality checking for heterogeneous enterprise data.

4. To use workload-aware resource allocation techniques to
optimize cloud resources usage.

5. To increase the reliability of the migration process with
continuous validation and integrity checking techniques.

6. To test the proposed framework and evaluate its
performance against the existing migration techniques on
enterprise datasets.

7. To improve cloud readiness of enterprises and minimize
migration risks and downtime.

Il. LITERATURE REVIEW
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Csikor, et al. (2020) noted that Software-Defined Networking
(SDN) provided a new paradigm for operations, management
and deployment of communication networks; however, the
adoption of SDN had not reached a significant level owing to
the absence of a viable incremental deployment path and the
immaturity of SDN capable devices in the market. The authors
suggested a hybrid architecture, namely HARMLESS, that was
a combination of SDN capability with legacy Ethernet switches
using an emulation of the OpenFlow switch operating system
in a separate software switch to enable an enterprise to adopt
SDN for a lower cost than existing turnkey SDN vendor
solutions and to achieve comparable data-plane performance.

Islam et al. (2018) discussed the obstacles enterprises
encountered upon moving their key assets to the cloud,
especially regarding security and privacy concerns, stating that
cloud users must be informed about their security and privacy
requirements to choose the cloud deployment model that meets
them. Previous work had recognized some security and privacy
concerns in cloud systems, but they noted that it did not give a
detailed methodology for eliciting security and privacy
requirements, a methodology that their paper proposed.

Bhaumik et al. (2022) examined issues with quality-of-service
(QoS) in hyperconverged data centres, where storage pools
made up of components on separate servers were shared across
virtual machines and containers on a shared network, which
resulted in competition between application traffic and storage
traffic. To make resource allocation and migration decisions for
collocated network- and storage-intensive workloads, the
authors proposed the NetStor system, which incorporated the
concept of workload estimation and environment-based
learning, and their evaluation of the testbed demonstrated that
NetStor enhanced network performance more than existing
resource allocation and migration methods in the literature.

Wood et al. (2015) noted that virtualization technology and the
ability to move virtual machines in a LAN had led the resource
management to the pools of resources in a data center; live
migration over a wide area network (WAN) would also bring
the provisioning to multiple geographically distributed data
centers. The authors introduced an architecture, called
CloudNet, that connects cloud computing platforms viaa VPN-
based network infrastructure, and proposed optimizations that
will minimize the costs of transferring storage and memory
during WAN migrations; they showed that their optimizations

can save 65% of the time used for memory migration between
data centers in Texas and Illinois.

Legacy professional mobile radio technologies were the only
ones tested, verified and certified for use in the PPDR sector
and significant hands-on testing and experimentation was
required before 5G can receive the same certification in the
PPDR sector, as noted by Volk and Sterle (2021). The authors
reviewed 5G PPDR experimentation covering virtualized and
cloud-native technologies, architectures, and deployment and
use cases, with focus on key enabling technologies like massive
MIMO, D2D, network slicing, and multi-access edge
computing as well as experimentation and verification testing
for vertical-specific 5G infrastructure.

Alhassan et al. (2016) considered data governance as an
emergent topic in the information systems domain because of
the explosive growth of data within organizations and its
importance to business operations. By systematically scanning
six major academic databases, the authors identified 31 papers
that discussed data governance activities and used open coding
to identify 110 activities from among five decision domains,
resulting in an imbalance in the literature that focused on
"defining" activities of data governance and lacked sufficient
coverage for “implementing” and "monitoring" data
governance activities.

For organizations that rely on data from various sources and
need to reconcile data from different ERP systems, CRM
platforms, transactional databases, and external data providers,
Seetala (2023) looked into the hurdles presented by data
reconciliation and how they impact financial reporting
precision, operational monitoring, and regulatory standards.
The author suggested new data reconciliation architectures that
integrate machine learning, statistical models, and optimization
techniques such as automated matching algorithms and
anomaly detection to detect and correct inconsistencies
between the various components of distributed systems with
minimum human intervention.

Ghanta (2023) covered the challenges modern cloud-native and
microservice-based systems encountered in incident triage due
to the volume, dimensionality, and generally unstructured
nature of telemetry (logs, metrics and traces) that were being
produced and processed by these systems, which would
overload traditional alerting systems based on rules or
thresholds. The author presented a framework where the logic
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of a large language model enabled semantically reasoning over
this multi-modal telemetry to correlate signals across time and
causality to produce coherent failure narratives, rank potential
root cause, and generate ideas for remediation, in natural
language, to augment existing observability pipelines.

Menda (2020) worked on an intelligent framework that takes
machine-learning based signals and predictive analytics to
facilitate automated governance and enterprise risk
management. As in the other papers that this author has written
regarding enterprise architecture and governance, the paper
suggested an enterprise governance model using data-driven
models to identify risk signals and make more proactive and
automated enterprise governance decisions.

BasiReddy (2023) explored the increasing use of artificial
intelligence within Customer Relationship Management
(CRM) and enterprise workflows to automate customer
engagement, compliance checks, risk assessment, and
operational prioritisation. The author highlighted the benefits
of Al-powered automation in enhancing efficiency,
consistency, and scalability while also recognizing the
importance of ethical considerations and accountability
frameworks in CRM workflows, particularly as Al-driven
automation becomes increasingly prevalent in customer-facing
processes.

Problem Statement

Transitioning to cloud-based information systems from
traditional information systems by organizations results in
facing numerous issues, such as heterogeneity in data,
complexities due to dependencies among the systems, data
duplications, inconsistencies in governance, wastage of
resources, and transition time. The current available migration
approaches mainly focus on migration of data and
infrastructure but lack the capabilities for dependency
evaluation, automation, schemas unification, and cloud
adaptation. Due to this, migration fails and causes high
expenses, time delays, and decreased quality of data. It
becomes necessary to develop an intelligent approach to
migration of the cloud environment of an enterprise
organization.

Research Gaps

There have been many studies on cloud migration, service-
oriented transformation, workflow scheduling, and resource
provisioning, there are still some research questions that are
unanswered. The majority of research efforts on cloud

migration are limited to each migration component and do not
provide a comprehensive migration ecosystem. Little effort has
been made towards addressing dependency analysis, migration
prioritization, schema unification, dynamic resource allocation,
and validation in one unified platform. Also, current migration
techniques lack intelligent capabilities driven by metadata to
adapt migration processes based on workload properties and
cloud resources.

Proposed Model

Organizations running legacy information systems frequently
face difficulties like heterogeneity of data format, coupled
architecture, data redundancy, migration downtime, and
inconsistent data governance when implementing cloud
migration projects. The existing migration strategies usually
emphasize only data migration operations and fail to take into
account such aspects as workload dependency analysis, schema
harmonization, validation, and cloud migration optimization.
As a result, companies face long migration processes, higher
migration risks, and poor performance of systems after
migration. In order to overcome the above drawbacks, a Cloud-
Native Enterprise Data Migration Framework (CN-EDMF) is
suggested.

The proposed CN-EDMF incorporates data discovery,
dependency mapping, transformation management, cloud
resources optimization, and validation processes into an
integrated migration pipeline. The CN-EDMF is based on
migration intelligence, driven by metadata, which allows for
the analysis of source systems, interdependency detection,
workload prioritization, and cloud resources allocation.
Combining migration forecasting and adaptive cloud resources
allocation guarantees zero downtime, high accuracy of
migrations, scalability, and lower cost of migrations with
guaranteed enterprise data integrity.

Algorithm:  Cloud-Native Data
Framework (CN-EDMF)

Input: Legacy Data Sources LDS, Cloud Resources CR,
Migration Policies MP

Output: Optimized Cloud-Native Data Repository CNDR

Step 1: Collect metadata from all legacy repositories and
construct the source

Dataset S = {s4,5,,53,---,5,} (1)
Where each source contains structured, semi-structured, or
unstructured enterprise data.

Enterprise Migration
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Step 2: Analyze source dependencies and generate a
dependency graph

DG = (V,E) (2)
Where Vrepresents data entities and Erepresents inter-entity
relationships.

Step 3: Compute migration priority scores for each dataset
using
PSi = Q’Ci + ﬁBl +)/Ul (3)

Where C;denotes criticality, B; denotes business impact, and
U,denotes usage frequency.

Step 4: Rank datasets according to PS;and create migration
batches
MB = {mb;, mb,,...,mb,} (4)
Step 5: Perform schema extraction and identify structural
differences between source and target environments using
SD = ¥, | Schem asgyrce — Schemagyger | ®)

Step 6: Apply schema harmonization rules and transform
source schemas into cloud-native representations.

Step 7: Evaluate data quality score
DQS — CR+CC+CV

S (6)

Where CRis completeness rate, CCis consistency coefficient,
and CVis validity measure.

Step 8: Cleanse and normalize datasets whenever DQSfalls
below the predefined threshold.

Step 9: Estimate migration workload size
WL =Y, DataVolume; (7)Type equation here.
To determine cloud resource requirements.

Step 10: Dynamically allocate cloud resources according to
RA U (8)Type equation here.

= AvailableCapacity
Ensuring balanced utilization of compute, storage, and network
resources.

Step 11: Execute parallel data migration processes and

calculate migration throughput
TP = TotalDataMigrated

©)

MigrationTime

For performance monitoring.
Step 12: Validate migrated records using integrity verification

MatchedRecords
v = =228 100 (10)
TotalRecords

To ensure consistency between source and target systems.

Step 13: Measure migration reliability through

MR = SuccessTulTransiers 100 (11)

TotalTransfers

And automatically reprocess failed transactions.
Step 14: Optimize cloud-native storage organization by

minimizing storage overhead
SO = AllocatedStorage—UsedStorage

(12)

AllocatedStorage

While maintaining accessibility requirements.
Step 15: Finalize migration and generate the cloud-native
repository

CNDR =Yk MB; (13)

With continuous monitoring, governance enforcement, and
performance validation.

In addition to the traditional extract-transform-load paradigm,
the CN-EDMF model creates an end-to-end migration
ecosystem for its clients. The risk minimization in the process
of migration of large-scale enterprise IT systems is achieved by
means of intelligent dependency analysis and migration
prioritization. The incorporation of schema harmonization, data
quality assessment, and automatic validation allows keeping
the migrated data sets clean and correct. Also, thanks to the
adaptive resource management, the framework ensures
efficient use of cloud computing infrastructure and saves
money and time. In other words, the cloud-native optimization
layer is what makes the entire framework innovative and
special. Thanks to the real-time observation of the workload
characteristics, storage usage, migration throughput, and
integrity measurements, the CN-EDMF framework can adapt
its operations to the changing needs of enterprises. It allows for
the implementation of large volume migration without
disrupting operations. This means that an enterprise can enjoy
a faster digital transformation, greater cloud readiness,
increased access to data, and sustainable management of data
resources.

IV. RESULTS AND DISCUSSIONS

Evaluation criteria include migration efficiency, reliability,
scalability, quality of data, use of resources, and migration
costs. The tests have been carried out using datasets of the
enterprise environment that have been migrated from different
legacy systems into cloud-native platforms. The framework
utilizes dependency mapping, schema matching, workload
ranking, adaptive allocation of resources, and validation for
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improving migration efficiency and cloud-readiness of the
datasets. CN-EDMF has been found to outperform other
migration frameworks through intelligent orchestration and
automated validation. In addition to the above, the migration
technique through metadata also supports workload scheduling
and provisioning of cloud resources. This is different from
traditional migration approaches that focus more on data
transfer, whereas CN-EDMF integrates the migration
intelligence into the process. The comparative study proves the
efficiency of the model for digital transformation in an
enterprise environment.

Table 1. Migration Success Rate (MSR)

Dataset Size (TB) | SM (%) | CN (%) | CN-EDMF (%)
5 91.2 935 98.1
10 90.4 92.8 98.4
15 89.8 92.2 98.7
20 89.1 915 99.0
25 88.5 90.9 99.2
g+ ® e Y 1
” > ;:E'Dl” b '
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Figure 1. Migration Success Rate (MSR)

The Migration Success Rate (MSR) between SM, CN, and CN-
EDMF approaches is represented in Table 1 and Figure 1. From
the table and figure, the migration success rate for the proposed
CN-EDMF approach shows the highest values of migration
success rates from 98.1% to 99.2%, which increase from 5TB
to 25TB dataset sizes. The reason behind the performance
improvement is dependency-based scheduling of migration,
integrity verification, and validation.
Table 2. Processing Time (PT)

Dataset Size SM CN CN-EDMF
(TB) (hrs) (hrs) (hrs)
5 9.8 8.7 6.1
10 18.5 16.2 11.8
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15 27.6 241 17.3
20 36.8 31.7 22.5
25 45.2 39.4 27.1
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Figure 2. Processing Time (PT)

The PT analysis for different migration mechanisms is
illustrated in Table 2 and Figure 2. As the number of workloads
grows, the processing time goes up for all the migration
mechanisms, but the CN-EDMF always consumes the shortest
execution time. Using workload prioritization, parallel
migration, and adaptive resource allocation makes it possible to

complete the migration in a shorter period of time.

Table 3. Data Quality Preservation (DQP)

Dataset Size (TB) | SM (%) | CN (%) | CN-EDMF (%)
5 92.4 94.2 98.6
10 91.9 93.8 98.8
15 91.3 93.4 99.0
20 90.7 92.9 99.2
25 90.1 92.4 99.4
- ’ T

o
¢ CN-EDMF

>0
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Sae (TB)
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Figure 3. Data Quality Preservation (DQP)
The DQP of the evaluated migration frameworks is depicted in
Table 3 and Figure 3. In particular, CN-EDMF achieves data
quality levels of more than 98% for all datasets and 99.4% for
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25 TB data. Such an enhancement comes from the automatic

harmonization of schemas and data cleansing with quality

assessment at every step of migration.

Table 4. Resource Utilization Efficiency (RUE)

Dataset Size (TB) | SM (%) | CN (%) | CN-EDMF (%)
5 78.2 82.4 91.6
10 77.5 81.7 92.3
15 76.9 81.1 93.1
20 76.2 80.5 93.8
25 75.8 79.9 94.4
5.0
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Figure 4. Resource Utilization Efficiency (RUE)

Resource Utilization Efficiency (RUE) of different migration
workloads is analysed in Table 4 and Figure 4. The proposed
scheme of CN-EDMF shows better results in terms of resource
efficiency, achieving 94.4% from 91.6%. This can be attributed

to the dynamic allocation and scheduling of cloud resources.

Table 5. Migration Reliability (MR)

Dataset Size (TB) | SM (%) | CN (%) | CN-EDMF (%)
5 931 | 954 98.8
10 926 | 950 99.0
15 921 | 946 99.2
20 915 | 941 99.4
25 91.0 | 937 99.6
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Figure 5. Migration Reliability (MR)

The reliability of the Migration (MR) for the three systems has
been depicted in Table 5 and Figure 5. The CN-EDMF system
is always able to ensure reliability above 98.8%, with the
highest rate being 99.6% at the maximum dataset size. The
continuous monitoring and automatic reprocessing of
transaction failures play an important role in this case.

Table 6. Migration Cost Reduction (MCR)

Dataset Size (TB) | SM (%) | CN (%) | CN-EDMF (%)
5 18.4 22.8 34.7
10 19.2 23.5 36.1
15 20.1 24.3 37.6
20 20.8 25.0 39.2
25 21.5 25.8 40.8
- . *
n N *
& CNEOWF pe
4
B @
50 1.5 o 125 15.0 175 200 22.5 250

Dataset Size (TB)

Figure 6. Migration Cost Reduction (MCR)

Figure 6 and Table 6 demonstrates the results in terms of
Migration Cost Reduction (MCR) performance for the tested
migration  frameworks. CN-EDMF outperforms other
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migration solutions in terms of migration cost savings and
attains 40.8% saving costs in comparison with 34.7% attained
by using the proposed migration framework in small datasets.
The saving cost is realized through workload orchestration and
minimizing downtime among others.

Dataset Description

Data set used in the experiment is a combination of information
resources of the enterprises obtained through various legacy
systems such as relational database, enterprise resource
planning, customer relation management repository, log files,
and semi-structured business documents. The datasets include
structured, semi-structured, and unstructured data that range
from 5 TB to 25 TB to mimic actual scenarios in an enterprise
data migration process. The entities in data sets include
customer details, transactions, logs, inventory details, financial
reports, and metadata catalog. The experimental setup involves
a mixed enterprise infrastructure comprising of traditional on-
premises systems and cloud-based infrastructures. Migration
tasks are performed through automation through discovery,
schema synchronization, workloads prioritization, and cloud
adaptation methods that are incorporated in CN-EDMF.

Performance testing is done under different dataset sizes to
examine scalability and robustness. The main performance
metrics include Migration Success Rate (MSR), Processing
Time (PT), Data Quality Preservation (DQP), Resource
Utilization Efficiency (RUE), Migration Reliability (MR), and
Migration Cost Reduction (MCR). The obtained results clearly
show that the developed CN-EDMF framework offers a highly
reliable and scalable solution for enterprise transformation
since it performs better migration accuracy, cost reduction,
resource utilization, and cloud adaptability than other available
migration strategies.

It can be concluded from the results obtained that the use of
dependency-aware  migration planning, metadata-based
orchestration, continuous validation, and adaptive cloud
optimization greatly increases the success of data migration
within the enterprise environment. The presented framework
efficiently solves the main problems of conventional data
migration approaches by decreasing the risks of migration,
ensuring the integrity of data and facilitating the transition to
cloud native architecture.

V. CONCLUSION AND FUTURE WORK

The proposed Cloud-Native Enterprise Data Migration
Framework (CN-EDMF) represents a smart and scalable
approach towards migrating enterprise data assets from legacy
environments into cloud-native environments. Utilizing a range
of techniques such as automated discovery, dependency
mapping, schema harmonization, adaptive cloud provisioning,
workload prioritization, and continuous validation, the
framework is capable of overcoming key limitations inherent
to the traditional migration approaches. Experimentally, the
proposed framework was proven to achieve superior
performance with regard to increasing migration success rates,
maintaining high-quality migration, ensuring migration
reliability, enhancing resource utilization, and reducing
migration costs when compared to the current frameworks.

Further development of this proposed model may include the
application of artificial intelligence and machine learning
algorithms to predict future migrations and automate the
process of workload scheduling. The integration of federated
migration intelligence in multi-cloud systems would contribute
to increasing scalability and interoperability. Security features
such as zero-trust migration architecture, blockchain integrity
verification, and quantum-safe encryption would also enhance
the security aspect of migrations. Moreover, the use of real-
time observability and self-healing migration processes may be
introduced to enable autonomous cloud migrations in dynamic
enterprise ecosystems.
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