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Abstract

This project presents the development and evaluation of an
artificial intelligence system designed to improve the accuracy and
efficiency of diagnosing mechanical failures in turbine systems
within nuclear power plants. Traditional root cause analysis relies
heavily on manual expertise, which leads to extended diagnostic
times, inconsistent classifications, and potential human error. The
methodology used followed the DMAIC process improvement
framework to integrate supervised machine learning techniques
using failure data. A simulation was implemented to test the
system's ability to detect faults like bearing damage, rotor
imbalance, and lubrication 1ssues. The model was able to achieve
all three objectives with the following results: an accuracy of
87.67%, reduced diagnostic time by 30%, and consistent
classification across three failure categories. This confirms that Al
can significantly support safer, faster, and more consistent nuclear
power plant's turbine diagnostics.

Introduction

A simulation was created and utilized to present how Al assistance
in a nuclear power plant would be of great help and value. Safety
in a nuclear plant will always be paramount. Therefore, safety and
confidential situations that occurred in a nuclear power plant, that
remained undisclosed, were the motive behind this work.

Mechanical failures are always thoroughly investigated using root
cause analysis (RCA) to ensure continued safe operation and
regulatory compliance of the nuclear power plant. Although Al
techniques could be applicable to any nuclear plant component,
the focus was on turbines. The determination of the initiating
cause of failure of these turbines imnvolves time-consuming manual
processes. These manual processes are also prone to human error,
inconsistent conclusions, and inefficiency 1n corrective action
planning.

Al can provide the opportunity to enhance RCA procedures
through enabling faster and more accurate identification of the
causes of failure by analyzing data. The application of these Al
techniques to plant maintenance records, sensor data, and
historical incident reports, can reduce diagnosis time, enhance
reliability decisions, and expand system resilience.

The objective of this project was to improve the accuracy and
efficiency of diagnosing mechanical failures in nuclear power
plant turbines. The accomplishment of this objective was verified
by reducing the average time for RCA by 30%, achieving at least
85% accuracy 1n 1dentifying turbine failures, and sustaining
consistent classification 1n at least three mechanical failure
categories, as shown on Table 1.

Table 1
Project Objectives and Success Criteria

Objectives Success Criteria Target Value
Reduce diagnostic time Time reduction from 30%
for RCA baseline i
Improve diagnostic Correct classification

85%

accuracy of failures

Ensure consistency in  Maintain accuracy _
, o , > 3 categories
failure categorization  across categories
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Literature Review

Understanding the fundamental operation of nuclear reactors 1s
essential for analyzing turbine failures, as these turbines convert
the heat generated from fission into mechanical energy for power
generation [1]. The U.S. nuclear industry faces challenges in
maintaining turbine reliability due to the complex interaction of
mechanical components and operational conditions [2]. Root
cause analysis 1s a key process after any incident in nuclear
installations, helping to systematically i1dentify underlying causes
and prevent recurrence, especially in critical equipment like
turbines [3].

Human errors during operation and maintenance significantly
contribute to turbine failures, and recent studies have applied
artificial intelligence to detect these errors by analyzing
operational data [4]. Artificial intelligence techniques, including
machine learning, have shown great promise in diagnosing faults
and 1dentifying root causes in nuclear reactor systems, improving
accuracy and decision-making processes [5].

Methodology

A systematic approach following DMAIC philosophy helped
develop and implement an Al-assisted root cause analysis (RCA)
system with enhanced diagnostic capability in turbine failure in
nuclear power plants. The philosophy ensured systematic
deficiency 1identification, targeted intervention through Al tools,
and sustainable process 1mprovement, along with ensuring
regulatory compliance and process integrity.

Define

Current RCA procedures for turbine mechanical failures are all
linked to high manual expertise dependence levels, extended
diagnostic times, and unreliable consistency i1n categorizing
failures. These inefficiencies are threats to reliability, downtime
control, and safety guarantee. The aim was to implement Al tools
that cut down on diagnostic processes, enhance accuracy, and
minimize decision latency to supplement engineering operations
and compliance requirements.

Measure

Baseline information was compiled to assess present-day RCA
performance. Key indicators included average time to 1dentify root
causes, accuracy of fault classification, and frequency of
misdiagnosis across different failure modes. Information was
sourced from publicly accessible turbine failure databases,
anonymized maintenance records, and synthetically derived
operating data as applicable. These measures acted as a baseline
for AI model performance improvement assessment.

Analyze

Patterns of failure and operating anomalies were analyzed using
statistical and machine learning techniques. Significant input
parameters, like wvibration, temperature, and flow rate, were
determined and used to build predictive models that can detect
common turbine failures such as bearing damage, imbalance of the
rotor, and faults in lubrication. Data preparation involved feature
engineering, normalization, and correlation analysis. Python
environments, like pandas, NumPy, and scikit-learn, were
employed to build and validate models.

Improve

Supervised learning algorithms were applied to automatically
classify failures and identify root causes. Labeled data sets were
trained and subsequently checked against known failure
conditions to produce a diagnostic performance of 85% or better.
A simulator of the RCA environment was developed to simulate
response time, with a target to decrease it by 30% from existing
manual processes. Repeated iterations were used to improve
model performance and classification consistency in at least three
failure categories.

Control

Post-validation, consistency, stability, and regulatory acceptability
of system outputs were monitored. Statistical quality control
methods were applied to assess whether i1mprovements in
performance are achieved consistently under varying operating
conditions. Final product was a technical report of summary
performance metrics, diagnostic accuracy, classification results,
and strategic assessment of Al integration 1nto nuclear
maintenance practice.

As shown 1n Figure 1, the model achieved an overall accuracy of
87.67%, exceeding the minimum accuracy target of 85%. This
confirms a high level of rehability on the model correctly
1dentifying turbine failures and normal operating conditions.

As shown 1n Figure 2, the confusion matrix reveals a high number
of correct classifications across all four categories. The Normal
condition was perfectly identified, while Bearing Damage and
Rotor Imbalance showed strong recall and precision despite some
overlap 1n classification. Lubrication Fault had slightly lower
performance, but 1t still met the minimum consistency requirement
across three failure categories.

In addition to accuracy and consistency, the model demonstrated a
significant 1mprovement in diagnostic efficiency. Based on
simulation results, the average time to 1dentify the root cause was
reduced by approximately 30% compared to baseline manual RCA
procedures. This meets the third objective and confirms the
effectiveness of integrating Al into failure analysis workflows.

Overall, the AI system achieved all defined success criteria,
supporting faster, more accurate, and more consistent diagnostics
of turbine mechanical failures in nuclear power plants.

Model Accuracy: 87.67%

Classification Report:

precision recall f1-score support
Normal .98 . .99 61
Bearing Damage .90 . .88
Rotor Imbalance .81 . .84 82
Lubrication Fault .73 . .73 26
accuracy .88
macro avg . . .86
weighted avg . . .88
Figure 1
Model’s Output
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Conclusion

The model successfully met all three of its objectives. in applying
Al to the RCA of turbine mechanical failures in nuclear power
plants. It had an accuracy of 87.67%, exceeding the target of 85%
and demonstrating 1ts potential to support the experts with
accurate diagnostics. It also consistently identified three failure
categories: Bearing Damage, Rotor Imbalance, and Lubrication
Fault. The reliability across these different failure categories
highlights the strength of the model's classification capabilities.
Figure 2 shows strong overall performance with high true positive
rates and only a few misclassifications. The accurate detection of
the Normal condition and failure categories suggests that the
model performs well under real-world conditions. And finally, the
system reduced the time required for diagnosis by 30%. This
reduction 1n time offers a drastic improvement in efficiency and
response time.
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