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ABSTRACT
Cloud database migration is a recent and important migration for modern enterprises. It has many difficult

parts, including the detection and resolution of annotated data and schema errors. However, traditional methods
only focus on rule-based validation. This approach neglects subtle anomalies in customer data and fails to
support multiple data structures. Our platform combines machine learning algorithms with Amazon Web
Services (AWS) Database Migration Service (DMS) and Schema Conversion Tool (SCT) to recognize
mismatches, missing elements, and transformation errors in real time. We trained and tested our product against
diverse heterogeneous database environments. Our results demonstrate an improvement in detecting or
resolving the detected errors and solving any transformation issues faster, which also improves the efficiency
and scalability of the migration workflow. Our work sheds light on how artificial intelligence can automate
and optimize critical processes in cloud adoption strategies, making cloud migrations stronger, less costly, and
future-proof. By developing an intelligent migration system in cloud infrastructure, we demonstrate

possibilities for further research and development in intelligent migration systems.

INTRODUCTION
Cloud computing has given businesses a chance to improve performance, cut costs, and compete effectively.

Cloud services offer scalability, flexibility, and other services that they’re not typically able to provide with

traditional, on-premises technologies. One of the most problematic parts of these migrations is database
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migration. It involves moving from one system to another (often with different data formats, structures, and

technologies).

Cloud database migration is complicated and can pose a very high risk. During the migration, errors may occur
both during the transfer of data and during the conversion of the structure (schema) of the databases. Among
them, there are several types of errors, such as missing tables, missing data types, and interoperability
problems. In case of not being detected and corrected in time, these kinds of errors could cause serious issues
such as data loss and disruption of the system, and costly mistakes. While available tools from cloud service
providers like Amazon Web Services (AWS) or SCT can assist you with your migration, their usage still mostly

relies on manual intervention and predefined rules (so don't rely too much on these).

For this purpose, we propose an artificial intelligence-powered system that will work in conjunction with AWS
DMS and SCT. By using artificial intelligence, we will be able to detect migration errors in real time,
recommend or apply the solutions according to learnt patterns. It will be possible to find hidden problems that
traditional tools may not notice. This can significantly improve the accuracy of migration while also reducing
the time and effort spent by engineers. Our mission is to demonstrate how artificial intelligence can make cloud
database migration smarter, faster, and more trustworthy. By leveraging the strengths of AWS tools with the
intelligence of Al, we offer a powerful platform for organizations looking to migrate their data with greater

confidence and success.

LITERATURE REVIEW
Cloud database migration has been widely studied because of its ubiquitous presence in today’s IT system

environment and the common consensus that while cloud database migration has many advantages, such as
scalability, flexibility, and cost reduction, it also presents new challenges in terms of data integrity and schema
compatibility. Various studies have explored the limitations of existing traditional migration tools, which tend

to assume strict rules and manual controls.

For instance Singh et al. (2020) discussed common challenges to schema conversion which may involve
unsupported data types and unidentified objects; while existing tools such as AWS Schema Conversion Tool
(SCT) are not able to fully automate such tasks and thus require expert supervision, however Al-Khateeb and
Abbas (2000) discussed the problem of data loss during migration and highlighted the need for intelligent error
detection methods as opposed to the traditional validation rules.

That is, most recent studies, after some intensive experiments, have begun to explore how using Al and ML
algorithms to improve the migration process can be performed. Zhang and Lee (2021) proposed an approach

that utilizes artificial intelligence-based models to detect anomalies in data pipelines, with good results for
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finding out hidden problem in the data pipeline. Kumar et al. (2022) proved that this approach converged with

an integrated ML-based algorithm and cloud software to predict migration failure ahead of its actual creation.
Although we have made substantial progress, there is a gap in the availability of either working, Al-enhanced
frameworks that work in tandem with existing AWS Database Migration Service (DMS) and SCT tools. There
are a number of solutions either that use Al for data quality monitoring, or use migration tools entirely but not
both. Therefore, a novel way to build a solution that combines the automated power of Al with the AWS

migration services’ robustness should emerge.

This paper contributes to the results of previous studies by proposing an integrated Al-based error detection
and resolution system that can be targeted for cloud databases (AWS DMS) and SCT with a view towards
bridge the gap between intelligent data analysis and real-world migration tools to offer more accurate and

efficient cloud database migration.

Methodology

The research endeavors to formulate a systematic and multi-dimensional approach to investigate the
performance of artificial intelligence in the detection and correction of database errors due to cloud database
migration. The proposed framework builds upon AWS Database Migration Service (DMS) and AWS Schema
Conversion Tool (SCT), as well as Al algorithms relevant to anomaly detection and classification. It is
experimental and analytical, which includes both cloud native migration processes as well as intelligent

monitoring, intervention, and learning.

At the core of this methodology lies in the development and deployment of an Al-augmented migration
framework, which was designed to simulate actual database migration conditions in heterogeneous
environments, with a goal to automatically or semi-automatically identify and categorize common migration
errors (using machine learning models) to reduce human interventions and overall time and likelihood for
migration failures. This research involves an iterative process of design, testing, feedback and refinement to
ensure the reliability and generalizability of its findings.

(See architecture of the migration framework). The first layer consists of a set of legacy databases in different
formats and complexities. The source databases are chosen to be representative of both real-world and diverse
scenarios for migration. They include the following three different databases: The primary data sources are
MySQL®, Microsoft® SQL Server®, and Oracle® 12c. These databases were specifically chosen because the
respective products are both widely used and possess different structure conventions. For complex enterprise-
scale systems, the data was structured into multiple schemas, tables and stored procedures. Row counts ranged

from 5 million to 50 million and the cumulative database size exceeded four terabytes. The design of the
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schema included normalized relational structures, with embedded business logic (triggers and stored

procedures).

These approaches are useful to test the system's reliability. EXxiting the data source layer, the next required
component is the migration engine. The migration engine is formed of the following three components: AWS
DMS® and AWS SCT®. AWS DMS consists of the core task of data migration. This means that both full load
and change data capture (CDC) migration scenarios can be implemented. DMS provides continuous data
replication through its connection to the source database while eliminating the extent of downtime from the
source. SCT® takes care of the conversion of data schemas and procedural code. SCT provides platform-
specific elements that need to be converted from the source into formats that are compatible with the target
cloud databases, such as Amazon Aurora® and Amazon Redshift®. Both tools are configured using best
practices from AWS. The SCT operating in automated mode and manual correction mode provides a wide

range of usage scenarios.

To make the migration process more intelligent, the third layer of the framework consists of artificial
intelligence. This Al monitoring and detection engine interacts with AWS services from logs, metrics, and
transformation reports. Raw log data (from AWS CloudWatch, SCT conversion reports, and DMS error outputs)
is extracted and processed into structured datasets that detail related issues such as schema compatibility issues,

data transfer statistics, transformation errors, and runtime anomalies.

The Al engine runs a set of machine learning models created in Python using various open source libraries
such as Scikit-learn and TensorFlow. Both supervised and unsupervised learning techniques are used.
Supervised classification models such as Random Forests and XGBoost were trained to predict the error
categories based on features extracted from historic migration logs (e.qg., error codes, affected schema objects,
data types and timing data). Anomaly detection models such as Isolation Forests and autoencoders were
employed to detect deviations from the expected migration behavior, particularly those that traditional tools
may miss. A recommendation model based on K-nearest neighbors (KNN) was developed to recommend

resolutions to detected errors by matching them with previous cases and applying learned correction patterns.

Training data for these models was generated through both real-world and simulated migrations. Controlled
error injection was used to teach the system to recognize a large range of common migration errors, such as
schema mismatches, referential integrity violations, data truncation and collation conflicts. The anomalies that
were injected were based on the most common migration failures observed in industry case studies, as well as
internal logs from organizations that had previously executed migrations with AWS tools. The labeled data
collection generated by these models resulted in over 1,500 distinct errors, categorized among fifteen main

types.
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As part of the implementation process, a meticulous cloud architecture was set up within AWS. Multiple
Amazon EC2 instances were provisioned to host the source and target databases (representing both local on-
premises servers and non-cloud-native platforms). AWS DMS tasks were invoked with different
configurations to meet different scenarios: batch-only migration, real-time replication, hybrid, and more. SCT
was used to convert the database schemas and error logs generated each time a change was made. These outputs
were used as the input to the Al system. They provided the context necessary to detect anomalies and

inconsistencies.

Throughout the migration process, each test followed a similar pipeline. In the first step of the migration, the
schema was converted using AWS SCT. This is where we saw the biggest difficulties in the data migration—
stored procedures that could not be transformed or which were not compatible with the procedural language
of the target database were flagged for manual evaluation/intelligence rewriting. The converted schema was
then applied to the target cloud database, after which the actual data migration was processed. During the data
migration, a full load of data was performed. Change data capture (CDC) was enabled to sync ongoing updates
from the source database. Throughout the data migration process, real-time monitoring tools captured system

logs and performance metrics and fed them continuously into the Al engine for analysis.

The Al system classified any error that occurred during migration using the trained model. Once it had
classified an error, it determined whether a fix could be applied automatically or if it should recommend a fix
to a human operator. For example, if the number of columns in the source table had been shorter than the
number in the target table, and this resulted in column truncation errors, the solution was either to make the
columns smaller or to change the data format. The suggestions were generated by a rules engine built on top
of the recommendation model. The rules engine looked for previous successful solutions to the same problem.
The Al was able to apply fixes themselves in most cases — especially if confidence scores exceeded a threshold
of 0. 85. In more critical scenarios, such as the probability of damaging data—the Al turned to the human-in-
the-loop component, and a migration engineer validated or modified the solution. After the migration was
completed, the Al system conducted a series of validation activities to ensure data integrity and completeness.
These included row-count comparisons, checksum verifications, and referential integrity validation between
the source and target databases. If there were any discrepancies between the two databases, they would pass
the discrepancies back into the learning system for future prediction. The engineers were asked to provide

feedback on the accuracy of the Al suggestions, which are used to continuously improve the solution.

To evaluate the overall performance of the migration framework, a number of metrics were evaluated using
the baselines: accuracy in error detection, problem resolution effectiveness, migration success rate, time

savings over traditional migration workflows, and level of user intervention. As demonstrated in actual testing
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scenarios, the Al-enhanced migration framework proved over 92% accurate when classifying error types and

provided solution suggestions in more than 87% of the test scenarios. The average time per migration was
reduced by 30% on average compared with traditional migration processes, and support was needed in fewer

than 20% of critical error cases.

In short, the methodology combines AWS cloud services, Al solutions and real-world testing environments to
build aresilient, intelligent migration framework: it begins with large quantities of complex and interdependent
data sources, it moves on to schema transformation and data replication using AWS tools, and then finally it
comes together as an intelligent system that can identify and fix any defects with relatively little human
intervention. Through heavy training and continuous learning of the solution, long-term learning, and rigorous
evaluation, we have developed a scalable, effective solution for a complicated challenge in the migration life-

cycle that has been recognized as one of the most challenging aspects of cloud migration.

RESULTS AND DATA ANALYSIS
While we have observed compelling results from implementation of the Al-powered migration framework on

several dimensions error detection, resolution efficiency, performance metrics, and success in automation --

this report details the results and includes quantitative data, tables, and visual charts.

Experimental Setup Summary: It involved more than 25 structured and semi-structured migration tasks
between MySQL, Oracle 12c, and Microsoft SQL Server to Amazon Aurora and Amazon Redshift using AWS
Database Migration Service (DMS), Schema Conversion Tool (SCT) and Al modules. Analogical anomalies

were introduced to test the robustness of error detection and resolution.
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Summary of Core Results

Table 1 provides a comparative overview of key performance indicators before and after Al integration.

Metric Without | With Al Improvement / Note
Al
Error Detection Accuracy 76.2% 92.6% +16.4% accuracy
Average Migration Time (per | 9.4 hours |6.6 ~30% time reduction
500GB) hours
Errors Auto-Resolved (%) 0% 77.5% Significant automation
Errors Requiring Manual Fixes | 100% 7.5% 92.5%  decrease in  manual
(%) intervention
Al Performance Precision - 0.935 High precision
Al Recall - 0.926 High detection coverage
Al F1 Score - 0.930 Balanced performance
Migration Tasks Attempted 25 25 Equal across both scenarios
Major Error Categories Detected | 4 5 Al discovered one more hidden
error type

I-Enhanced Error Detection
Al significantly improved detection of migration-related anomalies. Over 1,500 errors were logged across test

runs, with Al achieving a 92.6% classification accuracy. False positives and false negatives were under 5%.

[IJCSP25B1165 International Journal of Current Science (IJCSPUB) www.ijcspub.org | 618



http://www.ijcrt.org/

www.ijcspub.org © 2025 IJCSPUB | Volume 15, Issue 2 May 2025 | ISSN: 2250-1770

Types of Errors Detected - Before vs. With Al
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(This chart shows the improvement in identifying schema mismatches, data type conflicts, and other common
migration errors.)
Resolution Success Distribution: The Al engine demonstrated remarkable resolution capabilities. It
automatically fixed 77.5% of issues and flagged 15% for assisted intervention. Only 7.5% required expert input

post-migration.

Migration Resolution Success Rates

Al-Assisted

Unresolved

Auto-Resolved

(The pie chart displays the distribution of how errors were resolved, highlighting AI’s ability to minimize

manual intervention.)
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Performance Benchmarks: The deep learning models used for anomaly detection and classification scored

consistently across standard evaluation metrics:

Precision: 0.935
Recall: 0.926

F1 Score: 0.930
ROC-AUC: 0.942

100 Al Performance Benchmarks
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(This bar chart showcases the balanced and reliable performance of the Al system across all benchmarks.)

8% Using Artificial Intelligence: Automatic troubleshooting time was greatly reduced. Before Al, technicians
spend on average 14 intervention attempts per migration. With Al, only 3 intervention attempts were necessary
(78. 5% reduction).

e Platform-Specific Error Patterns

e Oracle to PostgreSQL had the highest frequency of schema mismatches.

e MySQL to Redshift showed a similar problem in data encoding and numeric precision.

e Very stable connection between SQL Server to Aurora still with foreign key violations though.

e Using retraining and feedback mechanisms, the Al engine successfully reproduced these trends.
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Feedback loop and continuous learning: following migration validation scripts 76 issues were found, they
were corrected or suppressed based on user confirmation. Over 85% of the human evaluators rated the

recommendations by the Al as “accurate” confirming the effectiveness of the learning pipeline.

These results validate the value of Al in cloud database migration workflows, as combined with AWS
migration tools with smart error detection and resolution algorithms, this approach enhances reliability, reduces

time, cost and scales successfully across complex cloud-based environments.

DISCUSSION
Artificial intelligence techniques provide significant benefits when trying to detect and resolve errors when

migrating cloud databases, specifically when it comes to AWS Database Migration Service (DMS) and Schema
Conversion Tool (SCT). The results of the study show that using Al techniques contributes to detection and
solving complex migration issues, reduces human effort, and results in improved accuracy and consistency of

schema and data transformation procedures.

These most likely types of errors, such as schema overlapping, data type conflicts, and constraint violations,
are usually unmanageable and difficult to detect by manual error handling algorithms. In this paper, we
introduce anomaly detection and classification algorithms that enable the framework to predict, classify, and
resolve nearly a large percentage of these errors, notably in cases of migrating large enterprise databases (with
heterogeneous schemas and data formats). The migration framework also outperformed the performance
benchmarks with precision, recall, and F1 scores consistently higher than 0.92. This performance indicates that
not only were the Al models effective in detecting errors, but they also exhibited reliability in maintaining
accuracy without generating an excessive number of false positives or false negatives. With the high ROC-

AUC score, we can also conclude that the model was adequately balanced between sensitivity and specificity.

And with 77.5% of migration errors are automated (with only 7.5% remaining unresolved), there’s a direct
reduction in manual workload and potential system downtime during major migration projects -- which is
especially important for organizations with dynamic and data-dependent environments such as finance,
healthcare, and telecoms. One really big advantage of this architecture is its scalability. This means that it will
work with any one of the various database technologies, such as Oracle, PostgreSQL and MySQL, or any size
from gigabytes to terabytes. It will also work with all the different cloud technologies going forward, such as

integration with monitoring and alerting tools written in AWS.

We see some limitations however, some issues which have not been resolved are due to legacy schemas which

are very deeply nested or undocumented and therefore need domain specific knowledge (like in the case of
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current Al models) and we also need to further the adaptability of the Al engine to newer database structures

and non-relational data. What are the possible ways that you would like to see future
improvements/developments? Additional layers: Transfer learning of database patterns that may not have been
seen before. Feedback loops from human DBASs enhance the continuous learning capability of the system.

Dashboard visualizations for real-time error monitoring and guided solution implementations.

CONCLUSION
Using an AWS DMS and SCT, we demonstrate the usefulness of Al-based migration strategies against cloud

database migration risks. Our proposed architecture shows that automated error detection and resolution are
feasible and substantially effective as an alternative to manual solutions in terms of risk reduction, downtime,
and overall reliability. The main advantages in comparing Al anomaly detection and classification methods
can be found in the following aspects: (1) through the use of Al algorithms for anomaly detection and
classification the system is able to detect a broad range of data and schema errors and showed that almost all

the problems in the scenario can be remedied automatically.

These findings go further than mere intelligent cloud automation. Al can validate and execute these workflows
in what used to be a very manual process. When enterprises are integrating massive quantities of legacy data
into modern cloud infrastructure, these smart frameworks will prove useful. Further research should focus on
building up the size of this model to support more diverse data environments, as well as introduce multi-
platform database technologies. The future of cloud data migration is not only about automated systems but

also adaptive, explainable, and sustainable.
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