BULLETIN of Cherkasy State Technological University

Journal homepage: https://bulletin-chstu.com.ua/en Vol. 30 No. 1. 2025

UDC 004.03
DOI: 10.62660/bcstu/1.2025.68

Using ChatGPT for the intelligent diagnostics
of complex technical systems

Vladimir Vychuzhanin

Doctor of Technical Sciences, Professor
Odesa Polytechnic National University
65044, 1, Shevchenko Ave., Odesa, Ukraine
https://orcid.org/0000-0002-6302-1832

Alexey Vychuzhanin’

Doctor of Philosophy, Assistant

Odesa Polytechnic National University
65044, 1, Shevchenko Ave., Odesa, Ukraine
https://orcid.org/0000-0001-8779-2503

Abstract. Intelligent diagnostics of complex technical systems, particularly ship power plants (SPPs), is
essential for ensuring early fault detection and maintaining operational reliability. This study presents a
methodological approach for integrating the ChatGPT language model into automated SPP diagnostics. This
study aimed to develop a methodological approach for using the ChatGPT language model in the automated
diagnostics of complex technical systems (CTSs), particularly SPPs. The proposed methodology consists of
several stages: data collection, preprocessing, model training, anomaly detection, and the generation of
diagnostic recommendations. The system integrates ChatGPT with real-time data streaming (Apache Kafka)
and neural network-based anomaly detection using autoencoders and Long Short-Term Memory (LSTM) models.
Experimental validation was carried out using real operational datasets from ship power plant systems. The
proposed approach demonstrated a significant improvement in fault detection accuracy, increasing it by 15%
compared with conventional threshold-based methods. The diagnostic time was reduced by a factor of nine,
which enabled near real-time identification of deviations. The model achieved an accuracy rate of 92.8% when
classifying abnormal states and correctly identifying early-stage faults in key parameters such as pressure,
temperature, and rotation speed. The analysis of reconstruction error distributions confirmed the ability of
the system to distinguish between normal and anomalous system behaviour. Detected anomalies were cross-
validated with expert assessments, confirming the practical applicability of the model in real-world diagnostics.
Furthermore, the implementation of the proposed approach enables predictive maintenance planning, which
contributes to reducing operational risks and lowering maintenance costs. The integration of ChatGPT into
ship power plant diagnostic systems enhances the automated processing of technical documentation and
operational logs, increasing the transparency and accuracy of fault explanations. The results of this study may
be applied in ship engineering, industrial automation, and technical maintenance, contributing to the improved
safety and reliability of complex technical systems
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INTRODUCTION

The CTSs, used in transportation, aviation, energy, and
other industries, are hierarchical structures consisting
of multiple multifunctional subsystems, components,
and elements interconnected by complex relationships.
These systems are subject to partial or complete fail-
ures, leading to intricate cause-and-effect interactions
among their elements. Key characteristics of CTSs in-
clude nonlinearity, adaptability, self-organisation, and
integrity. Ship systems comprise numerous interconnect-
ed technical mechanisms, units, devices, and pipelines
that ensure the vessel’s operation. A SPP is a high-tech
system consisting of multiple interrelated subsystems
and components, whose failure is one of the main
causes of ship accidents. Failures of individual subsys-
tems, components, and elements are among the prima-
ry causes of technological accidents in transportation,
aviation, energy, and other industries. In shipbuilding,
CTSs play a crucial role in ensuring vessel survivabili-
ty. However, even compliance with regulatory require-
ments at the design, construction, and operational stag-
es does not always guarantee a high level of reliability.

Ensuring the reliability of CTSs remains a critical
task for both new and existing vessels, particularly
for large-displacement ships with advanced control
and communication systems, which make them more
vulnerable to failures (Popp & Muller, 2021). Statisti-
cal data on maritime accidents and incidents are pre-
sented in specialised databases, including the Global
Integrated Shipping Information System (GISIS), main-
tained by the IMO (Christodoulou-Varotsi, 2024). The
development of new methods for diagnosing failures
in CTS equipment is the focus of research by A.H. Su-
hail et al. (2024), who explore diagnostic tools, includ-
ing the use of artificial intelligence (Al) and machine
learning (ML) for predictive maintenance and real-time
monitoring. The proposed transition to predictive main-
tenance models aims to minimise operational failures
and, according to the authors, should contribute to cost
savings and resource optimisation in CTS operations.
However, the researchers do not present practical tools
for engineering applications.

C.Wang et al. (2024) have provided a review of fault
diagnosis under uncertain conditions, emphasising in-
novative strategies for intelligent fault diagnosis. How-
ever, their review is of limited practical use for profes-
sionals working with more complex systems. In their
study on intelligent fault diagnosis and prediction in
technical systems, A.H. Suhail et al. (2024) focused on
challenges in modern deep learning applications from
four different perspectives: imbalanced data, complex
fault types, multimodal data fusion, and edge device
implementation. The authors proposed possible solu-
tions to these issues in the context of intelligent fault
diagnosis and fault prediction for technical systems.
The article by W. Yan et al. (2023) is dedicated to re-
al-time fault diagnosis (RTFD) technology for industrial
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process monitoring and machine condition monitoring.
It explores methods based on independent feature ex-
traction, end-to-end neural networks, and qualitative
knowledgebased reasoning from a novel perspective.
The authors aim to provide reference information for
researchers focusing on this area. In a review of fault di-
agnosis (FDD) approaches in technical systems, P. Mer-
corelli (2024) found that industrial operations pose
significant challenges for implementing FDD methods.
To bridge the gap between theoretical methodologies
and practical implementations, hybrid approaches and
intelligent procedures are necessary. Future research
should focus on improving fault prediction, enabling
accurate failure forecasts and preventing safety risks. In
the era of big data, real-time comprehensive FDD strat-
egies should be implemented. The study by F. Regattie-
rietal. (2022) aimed to validate a streaming fault detec-
tion methodology in technical systems while reducing
the amount of data required for transmission and stor-
age. This approach enables the automatic collection of
contextual information and the recognition of new sys-
tem states. The study demonstrates that streaming and
incrementally clustered approaches are effective tools
for obtaining labelled datasets and providing real-time
feedback on the technical condition of complex sys-
tems. Traditional diagnostic methods, based on expert
systems and manual analysis, are insufficient due to the
high dynamism of processes and the large volume of
data that needs to be processed for timely fault detec-
tion and prevention (Abdulwahid, 2022). This highlights
the relevance of intelligent diagnostic systems that can
handle vast datasets and provide real-time recommen-
dations (Vychuzhanin et al., 2023).

This article aimed to develop and validate a meth-
odological approach for integrating the ChatGPT lan-
guage model into the automated diagnostics of CTSs,
particularly SPPs. The approach involves real-time pro-
cessing of operational data, anomaly detection using
LSTM autoencoders, and the generation of intelligent
diagnostic recommendations. The effectiveness of the
proposed method is assessed by comparing it with tra-
ditional diagnostic techniques in terms of accuracy and
response time.

MATERIALS AND METHODS

The research methodology is based on a structured
diagnostic framework, which includes the analysis of
traditional approaches, the implementation of artifi-
cial intelligence models, and the assessment of their
performance on real operational data from ship power
plants (SPPs). The following stages were performed. At
the initial stage, a comprehensive review and analysis
of traditional diagnostic methods for complex technical
systems was conducted. The study included the follow-
ing specific diagnostic techniques: threshold-based di-
agnostic methods - classic diagnostic techniques based
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on fixed or dynamically calculated thresholds for system
parameters. An anomaly is flagged when sensor values
exceed predefined upper or lower limits or fall outside
an acceptable statistical range. For time series data, a
common implementation of this method is the use of
* 3 standard deviations from the parameter mean as a
dynamic threshold for outlier detection; Z-score meth-
od - a statistical anomaly detection approach based on
calculating the number of standard deviations a data
point is from the mean, used to flag outliers in time
series; isolation forest algorithm - an ensemble-based
machine learning method for detecting anomalies by
isolating observations in the feature space; Mahalano-
bis distance - a multivariate distance-based anomaly
detection method applied to sensor data for fault iden-
tification; expert system approaches - manual rule-
based evaluation conducted by experienced engineers,
serving as a reference method for comparing automat-
ed anomaly detection.

The selection of ChatGPT as part of the diagnostic
toolchain was based on its transformer-based architec-
ture and natural language processing capabilities. This
allowed for efficient interpretation of operational re-
cords, log files, and technical documentation. ChatGPT
was also applied to generate human-readable diagnos-
tic reports and maintenance recommendations based
on detected anomalies. For the implementation of
the automated diagnostic process, the following algo-
rithm was developed: data collection - acquisition of
real-time operational data from SPP sensors, including
temperature, pressure, vibration, and rotation speed pa-
rameters; data preprocessing — noise filtering, normal-
isation, and transformation of raw data into structured
time series suitable for analysis; model training - the
core of the anomaly detection module is an LSTM auto-
encoder neural network, trained on normal operational
data to reconstruct time series patterns; anomaly de-
tection - anomalies were identified by comparing the
original and reconstructed sequences, where a signif-
icant difference between them indicated a deviation
from normal behaviour.

To quantify the quality of the model’s performance
and to establish an objective basis for anomaly detec-
tion, the Mean Squared Error (MSE) metric was used.
MSE was calculated as the average of the squared dif-
ferences between the actual sensor values and their
corresponding reconstructed values generated by the
LSTM autoencoder. Increased MSE values indicated the
presence of anomalies, and a dynamic threshold (typ-
ically the 95" percentile of the MSE distribution) was
applied to distinguish between normal and abnormal
operating states. The developed methodology was im-
plemented as a set of Python-based software modules,
which included: SPP data processing module - respon-
sible for preprocessing, structuring, and storing oper-
ational sensor data; anomaly detection module - im-
plementing LSTM autoencoders, isolation forest, and
Mahalanobis distance-based detectors; diagnostic

reporting module - leveraging ChatGPT to interpret the
context of detected anomalies and generate textual di-
agnostic conclusions and recommendations.

The effectiveness of the proposed methodology was
evaluated through: direct comparison of the diagnostic
results with expert analysis outcomes; benchmarking
against traditional thresholdbased detection and Z-score
methods; calculation of the MSE for reconstruction
quality assessment; testing on real-world operation-
al data to confirm the system’s reliability in detecting
actual failures. This structured approach allowed the
proposed diagnostic system to combine classical sta-
tistical methods with machine learning-based anoma-
ly detection and natural language processing, thereby
improving the speed, accuracy, and interpretability of
technical condition assessments for ship power plants.

RESULTS

The analysis of existing methods of diagnostics of
complex technical systems, carried out within the
framework of the research, shows the lack of universal
solutions. The most commonly used methods have sev-
eral limitations: rigidity of data processing algorithms,
which reduces their applicability in changing opera-
tional conditions; lack of consideration of historical
data regarding technical conditions; requirement for
significant modifications when the composition and
operational logic of CTS change; insufficient consid-
eration of partial failures and their interdependencies.
Thus, new diagnostic methodologies are needed for
the effective operation of CTS. These methods should
be highly adaptable, capable of processing large vol-
umes of data in real time, and able to predict failures.
One promising solution for diagnosing the technical
condition of complex systems is the use of language
models such as ChatGPT. ChatGPT is a powerful lan-
guage model developed by OpenAl, based on the Gen-
erative Pre-trained Transformer (GPT) architecture.
It has been trained on vast amounts of textual data
and is capable of performing a wide range of tasks
related to text analysis, processing, and generation
(Gordijn & Have, 2023; Adiguzel et al., 2023). Techno-
logical foundation of ChatGPT: transformer architec-
ture — uses attention mechanisms for text processing
and generation; pre-training — the model is trained
on large text corpora, including books, articles, and
technical documentation; reinforcement learning with
human feedback (RLHF) - expert feedback is used to
improve response quality. Capabilities of ChatGPT in
CTS diagnostics: analysis of technical data and fault
diagnostics - processing log files, detecting anoma-
lies, predicting failures; automation of technical doc-
umentation processing - reviewing operational logs,
generating reports, preparing maintenance recommen-
dations; support for technical specialists — explaining
complex concepts, answering questions, training engi-
neers; generation of test scenarios — automated testing
of software systems, modelling emergency situations.
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The flowchart of the SPP diagnostic process us-
ing ChatGPT, with stages corresponding to the data
processing algorithm, is shown in Figure 1. It in-
cludes key stages such as data collection, analysis,
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anomaly detection, and recommendation generation.
The diagram illustrates the sequence of steps, start-
ing from data acquisition and ending with feedback
to enhance the model.

el Training
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Results Visualization

Model Integration

Data An/

Figure 1. Data processing algorithm for the SPP diagnostic process using ChatGPT

Source: created by the authors

Python was chosen for the implementation of
the data processing algorithm due to its userfriend-
ly syntax, cross-platform compatibility, and the avail-
ability of powerful libraries (e.g., scipy.optimize and
scikit-learn) that provide numerical optimisation and
machine learning capabilities (Ramalho, 2022). The
code includes: an optimised LSTM autoencoder (a
type of neural network combining autoencoders and
recurrent neural networks (RNNs) with LSTM cells)
for processing time-series data, such as that from ma-
rine power plants. LSTM cells allow the autoencoder
to remember long-term dependencies in time-series
data, which is useful for analysing MPU technical pa-
rameters; model saving and loading, which conserves
time and computational resources by avoiding retrain-
ing for each use; additional anomaly detection algo-
rithms - Isolation Forest and Mahalanobis Distance,
improving anomaly detection accuracy; historical data
integration for ChatGPT, enabling better interpreta-
tion of diagnostic recommendations; Apache Kafka for
data streaming, ensuring real integration with [oT in
marine monitoring systems where sensor data is con-
tinuously received; contextual diagnostics, taking into
account historical data for more comprehensive rec-
ommendations (Theofanis & Raptis, 2022). The LSTM
autoencoder is applied for: detecting anomalies in se-
quential data (e.g., pressure or temperature spikes);
forecasting based on time-series data; filtering noise
in data (Do et al., 2023). Apache Kafka provides: low
latency - realtime data processing; reliability - data
is stored in a distributed system; scalability - easily
adding new data sources (Wang et al., 2021).

The developed code has the following advantag-
es: flexibility - the ability to use multiple anomaly
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detection methods; performance - saving and loading
the model speeds up the analysis process; accuracy -
the combination of methods improves diagnostic quali-
ty; forecasting — more precise data interpretation using
LSTM and ChatGPT.

# Importing libraries

import pandas as pd

import numpy as np

import openai

import matplotlib.pyplot as plt

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras.layers import LSTM,
Dense, RepeatVector, TimeDistributed

from kafka import KafkaConsumer

import json

# Specify your OpenAI API key
openai.api key = “YOUR API KEY”

# Kafka configuration for streaming data

processing
KAFKA TOPIC = “seu data stream”
KAFKA SERVER = “localhost:9092"

consumer = KafkaConsumer (
KAFKA TOPIC,
bootstrap servers=KAFKA SERVER,
value deserializer=lambda  X:
loads (x.decode (“utf-87))
)

json.

# Data preprocessing function
def preprocess data(data) :
df = pd.DataFrame (data)
df = df.dropna/()
df = (df - df.mean())
Normalization

/ df.std() #
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return df

# Function to create and train an LSTM
autoencoder

def train lstm autoencoder (data,
timesteps = 10) :

model = keras.Sequential ([

LSTM(64, activation = “relu”, input
shape = (timesteps, data.shape[l]), return
sequences = True),

LSTM (32, activation = “relu”, return
sequences = False),

RepeatVector (timesteps),

LSTM (32, activation = “relu”, return
sequences = True),

LSTM (64, activation = “relu”, return
sequences = True),

TimeDistributed (Dense (data.shape[1]))

1)

model.compile (optimizer = “adam”,
loss = “mse”)
model.fit (data, data, epochs = 20, batch
size = 16, verbose = 1)

return model

# Function for anomaly detection using
LSTM autoencoder

def detect anomalies (model, data):

reconstructed = model.predict (data)

loss = np.mean(np.abs(reconstructed -
data), axis = (1,2))
threshold = np.percentile(loss, 95) #

95% threshold
anomalies = loss > threshold
return anomalies, loss

# Function to
report using ChatGPT
def generate diagnostics(data):
prompt = “Identify anomalies 1in the
following ship energy system (SEU) parameters
and provide recommendations:\n”
for index, row in data.iterrows():
prompt + = f”Time: {row[ ‘time’ ]},
Pressure: {row[ ‘pressure’]}, Temperature:
{row[ ‘temperature’]}\n”

generate a diagnostic

response = openail.Completion.create(
engine = “text-davinci-003",

prompt = prompt,

max tokens = 200

)

return response.choices[0].text.strip()

# Main data streaming processing loop
def main():
print (“Waiting for data from Kafka...”)

for message in consumer:
incoming data = message.value
processed data = preprocess
data(incoming data)
# Create time sequences for LSTM

timesteps = 10 # Number of time steps
sequences = []
for i 1in range(len(processed data) -

timesteps) :

sequences.append (processed data.
iloc[i:1 + timesteps].values)
sequences = np.array (sequences)

# Train LSTM autoencoder and analyse
anomalies
Istm autoencoder = train lstm
autoencoder (sequences, timesteps)
anomalies, loss = detect anomalies (lstm _
autoencoder, sequences)

# Visualize anomalies

plt.figure (figsize = (10, 5))
plt.plot(loss, label = "“Reconstruction
Loss”)
plt.axhline(y = np.percentile(loss,
95), color = “r”, linestyle = W7,
label = “Threshold”)

plt.legend()
plt.title(“SEU Anomaly Analysis
Autoencoder)”)

(LSTM

plt.show()
# Generate report with recommendations
diagnostics = generate
diagnostics (processed data)
int (“\n ChatGPT Diagnostic Report:\n”

n 7” .

if name ==

o main
main ()

To verify that the developed code functions correct-
ly, five key steps must be performed. First, Kafka must
be started and a topic for streaming created. Then, the
streaming data should be checked using a Kafka Pro-
ducer. Next, the main code must be executed to ensure
that anomalies are detected. After that, anomalous val-
ues should be introduced to test the autoencoder’s re-
sponse. Finally, it is necessary to confirm that ChatGPT
generates a meaningful diagnostic report.

Figure 2 presents the obtained time-series graphs
of parameters (pressure, temperature) during anomaly
visualisation. The blue graph represents pressure, with
red dots marking detected anomalies, while the green
graph represents temperature, where red dots also in-
dicate anomalies. Anomalies were identified using a
simple threshold method, detecting outliers beyond
three standard deviations.

If the anomaly points on the loss graph exceed the
threshold, the model is functioning correctly. If the red
dots on the time-series graph coincide with sharp spikes
in pressure and temperature, anomalies have been ac-
curately detected. The pressure graph is generated as
follows: pressure is modelled as a random process with
added normal noise, and sudden pressure spikes are in-
troduced at random time points. To determine thresh-
olds, the mean pressure value and standard deviation
are calculated. Anomalies are detected when a value
exceeds #* 3 standard deviations from the mean. Similarly,
the temperature graph is generated by modelling temper-
ature as a random process with smooth fluctuations, with
occasional sharp drops or rises introduced. The mean and
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standard deviation of temperature are calculated, and
values exceeding * 3 standard deviations from the mean
are classified as anomalies. The choice of * 3 standard
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deviations is based on the principle of normal distribu-
tion, where approximately 99.7% of values fall within
30. Values beyond this range are considered outliers.
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Figure 2. Time series of parameters (pressure, temperature) with anomaly visualisation

Source: created by the authors

Figure 3 presents the variations of key SPP param-
eters, such as temperature, pressure, vibration, and ro-
tation speed, over time. Normal system states are rep-
resented by smooth curves without abrupt deviations.
Anomalies detected by the autoencoder are marked
on the graph with red dots or highlighted in another
way. This allows for the visual identification of time

n
i

x

points where the system deviates from its normal op-
erating mode, which may indicate potential malfunc-
tions or the need for maintenance. These graphs illus-
trate the effectiveness of machine learning methods,
such as autoencoders, in monitoring and diagnosing
the condition of complex technical systems, including

ship power plants.
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Figure 3. Variations of key SPP parameters, such as temperature, pressure, vibration, and rotation speed, over time

Source: created by the authors

The graphs present the time series of key parame-
ters of the SPP: temperature (°C) - blue graph; pressure
(bar) - green graph; vibration (g) — orange graph; rota-
tion speed (RPM) - purple graph. Anomalous values de-
tected by the autoencoder are marked with red crosses.
Anomalies are observed in all parameters at approx-
imately the same time points, which may indicate a
common source of failure. The timestamps of anoma-
lies coincide across different parameters (temperature,

Bulletin of Cherkasy State Technological University, Vol. 30, No. 1, 2025

pressure, vibration, and rotation speed), suggesting a
critical change in the SPP’s condition. All anomalies ap-
pear as sharp spikes in values, indicating short-term but
significant parameter fluctuations.

Issues in the cooling system lead to increased
temperature and pressure, while mechanical wear or
imbalance causes spikes in vibration. A malfunction
in the control system results in RPM fluctuations, and
external influences, such as sudden load changes,
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trigger simultaneous spikes across multiple parame-
ters. Sudden spikes in temperature and pressure may
indicate instability in the fuel or cooling system. Vi-
bration anomalies may be related to mechanical wear
or imbalance of rotating parts. Changes in RPM may
suggest issues with the control system or variations
in load. Figure 4a presents the loss graph of the LSTM
autoencoder, showing how well the model reconstructs

the input data. It represents time-series data of param-
eters (pressure, temperature) with highlighted anoma-
lies. High loss values indicate potential anomalies. Fig-
ure 4b displays the corresponding anomaly detection
graph with a threshold (showing Z-score values and the
set threshold). It visualises the time series with high-
lighted points where the reconstruction error exceeds
the defined threshold (95% percentile).
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Figure 4. a - Autoencoder loss graph, b — Anomaly detection graph with threshold

Source: created by the authors

Figure 4a presents a time-series graph with anom-
alies, where pressure values are shown in blue, tem-
perature in green, and detected anomalies - spikes or
drops - are marked with red and orange points. Figure
4b displays the Z-score and anomaly threshold, with the
Y-axis representing the standard deviation of parame-
ters (Z-score), red dashed lines indicating the anomaly
threshold (* 3 sigma), and anomalies falling outside
these boundaries. The time-series graph (Fig. 4a) pro-
vides a visual representation of parameter dynamics,
allowing for the identification of sudden deviations
from the normal range and determining the exact mo-
ments when anomalies occur. This is essential for initial
data analysis, enabling engineers or operators to detect
irregularities in the operation of the ship’s power plant
quickly and correlate anomalies with specific events,
such as engine start-ups or sudden load changes.In con-
trast, the Z-score and anomaly threshold graph (Fig. 4b)
offers a quantitative approach to anomaly detection,
distinguishing normal and anomalous values based on
statistical analysis. This provides a more objective and
reliable criterion than simple visual inspection. It also
plays a crucial role in diagnostics by enabling automat-
ic warning systems, supporting monitoring solutions
for early failure detection, and serving as input data for
machine learning models and neural networks.

Together, these graphs complement each other: the
first illustrates anomalies over time, while the second
objectively identifies them using statistical methods.

Their combined use enhances early fault detection,
which is critical for ensuring the reliability and effi-
ciency of ship power plants. The reconstruction error
graph (Fig.5) displays the distribution of errors that oc-
cur when restoring SPP data using an autoencoder. The
reconstruction error is defined as the difference be-
tween the original and reconstructed values. For nor-
mal data, the errors are small and distributed around
zero, whereas for anomalous data, they are significant-
ly higher. Setting a threshold, such as three standard
deviations from the mean reconstruction error, effec-
tively distinguishes between normal and abnormal
system states. Under normal operating conditions, the
autoencoder accurately restores parameters, resulting
in minimal errors. However, in the presence of faults
such as overheating, bearing wear, or pressure surges,
the reconstruction error increases, indicating a devi-
ation from the norm. The defined threshold (e.g., 30)
allows for the automatic detection of potential mal-
functions, helping operators identify issues in advance
and perform preventive maintenance.

The graph (Fig. 5) represents the reconstruction er-
ror on the X-axis and its frequency on the Yaxis. The
blue histogram illustrates the error distribution, the
blue curve represents its approximation, and the red
dashed line marks the anomaly threshold (typically the
95" percentile). This graph is a standard tool for as-
sessing the performance of the autoencoder: small er-
rors indicate accurate data reconstruction, while values
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exceeding the threshold suggest potential anomalies.
The accuracy of this method depends on the quality of

V. Vychuzhanin & A. Viychuzhanin

the training data, the chosen threshold, and the type of
autoencoder used (LSTM, Dense, etc.).

Reconstruction Error Plot

frequency

0.03

== Anomaly Threshold
EE Reconstruction Errors

0.04

0.05
Reconstruction Error

Figure 5. Reconstruction error graph

Source: created by the authors

The reconstruction error graph plays a key role in
diagnostics, allowing for the identification of an anom-
aly threshold, the evaluation of model accuracy,and the
separation of normal and anomalous data. However, it
should be used in combination with other methods,
such as time-series visualisation and Z-score analysis,
to ensure more reliable fault detection. The evaluation
of the effectiveness of the proposed approach includ-
ed a comparison with traditional diagnostic methods.
Operational data from a ship energy unit over a six-
month period were used as test data. A team of experts
manually analysed the data and identified deviations
using traditional diagnostic methods. The results were
compared with anomalies detected by the LSTM auto-
encoder (Table 1).

The automated system successfully identified
24 cases of faults that corresponded with the expert
findings, but it also produced two false positives and

missed four faults. This indicates that the method is
approaching expert-level accuracy but requires further
refinement. The Z-score method (anomaly detection
based on standard deviation) was used for comparison.
The threshold was set at 2.5 standard deviations from
the mean parameter value (Table 2).

The LSTM autoencoder demonstrated higher sensi-
tivity (ability to detect faults) and specificity (accuracy
of predictions) compared to traditional threshold-based
methods. To determine time efficiency, the average time
required for diagnostics was measured for each meth-
od.The measurement included data collection, process-
ing, and decision-making stages (Table 3).

The automated diagnostic system reduces analysis
time by a factor of nine, which is particularly critical in
real-world operational conditions. Mean Squared Error
(MSE) was calculated to assess the reconstruction qual-
ity of the autoencoder (Table 4).

Table 1. Comparison with traditional expert diagnostics

Method Detected Faults True Positives False Positives False Negatives Accuracy (%)
Expert Analysis 28 - - 1000
ChatGPT+ LSTM 26 24 92.8

Source: created by the authors
Table 2. Comparison with threshold-based diagnostic methods
Method Sensitivity (Recall) Specificity (Precision)
Z-score 78% 85%
LSTM Autoencoder 89% 91%

Source: created by the authors

Table 3. Comparison with threshold-based diagnostic methods

Method

Average Diagnosis Time (minutes)

Expert Analysis

45

ChatGPT+ LSTM

5

Source: created by the authors
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Table 4. Statistical accuracy assessment

Method MSE (lower is better)
Z-score 0.015
LSTM Autoencoder 0.008

Source: created by the authors

The LSTM autoencoder demonstrates a lower re-
construction error, confirming its effectiveness in
anomaly detection. On 12 January 2025, the system
detected a sudden increase in oil temperature by 8°C
above the normal range, indicating possible bearing
overheating; upon inspection, engineers identified a
clogged oil filter, demonstrating that the methodology
not only successfully detected the deviation but also
helped prevent potential equipment failure. Based on
the obtained results, the proposed methodology was
applied to real operational data from a ship energy
unit. The system successfully identified several cases
of potential faults, some of which were later confirmed
during technical inspections.

The testing results confirm that the proposed ap-
proach, based on ChatGPT and LSTM autoencoders,
achieves expert-level diagnostic accuracy (92.8%);
outperforms traditional thresholdbased methods in
sensitivity and specificity; reduces diagnostic time by
a factor of nine; and demonstrates high efficiency in
detecting faults in real-world data. Future improve-
ments include integration with loT systems, expand-
ing the database of failure cases, and optimising ma-
chine learning algorithms.

DISCUSSION

According to the results obtained by Q. Luu et al. (2023),
Al-generated test cases improve fault detection and
outperform manual methods in software validation.
Similarly, in the present study, the proposed hybrid
approach demonstrated higher diagnostic accuracy
compared to traditional threshold-based diagnostics.
The authors also emphasised the importance of inte-
grating Al methods into the software validation process
to automate repetitive testing and reduce human error.
A comparable pattern was observed in the current re-
search, where the introduction of ChatGPT into the di-
agnostic workflow significantly improved the efficiency
of anomaly interpretation and fault reporting in ship
power plant (SPP) monitoring. The researchers P. Mud-
gal & R.Wouhaybi (2023) emphasised ChatGPT’s abil-
ity to analyse log data and identify anomalies in both
structured and unstructured datasets. Their research
highlighted that ChatGPT’s capability to extract seman-
tic patterns enables the detection of system irregular-
ities that are not easily identifiable through classical
numerical analysis alone. Consistent with these find-
ings, the present study confirmed that ChatGPT effec-
tively interprets SPP operational data and generates
human-readable diagnostic recommendations, bridg-
ing the gap between data-driven models and technical

personnel. According to H. Kirinuki & H. Tanno (2024),
Al-generated test scenarios exhibit broad coverage
and complement human-designed tests in black-box
testing. A similar trend was observed in the present
research, where ChatGPT produced diverse recommen-
dations that improved the interpretation of anomaly
detection results in complex technical systems. H. Kir-
inuki & H. Tanno also pointed out the potential for Al
to accelerate testing in real-time environments by dy-
namically generating diagnostic hypotheses, a property
that was mirrored in this research through ChatGPT’s
adaptive response generation to detected anomalies.
The researchers T. Li et al. (2023) showed that lever-
aging ChatGPT to detect software vulnerabilities leads
to higher fault detection rates compared to manual
testing. This finding supports the results of the present
study, where the combination of ChatGPT with LSTM
autoencoders enhanced the detection of potential
malfunctions in SPP. Li et al. (2023) also stressed the
importance of combining generative language models
with anomaly detection pipelines to automate security
audit processes, which echoes the diagnostic logic em-
ployed in this study’s hybrid framework. A. Bakhshan-
deh et al. (2023) highlighted the benefits of ChatGPT
in engineering education and training, noting its abil-
ity to accelerate the understanding of technical con-
cepts. Consistent with this observation, the present
study demonstrated that ChatGPT effectively explains
detected anomalies and assists engineers in interpret-
ing diagnostic data. The researchers emphasised that
Al-generated explanations reduce cognitive load on
human operators and improve system transparency,
which is especially important in fault-critical contexts
such as SPP operation. In addition, Q. Luu et al. (2023)
investigated the potential of ChatGPT for real-time
monitoring and anomaly detection, concluding that
Al-powered systems provide timely fault identifica-
tion and proactive decision-making. These conclusions
align with the outcomes of the present research, where
ChatGPT, combined with LSTM autoencoders, enabled
real-time anomaly detection and reduced diagnostic
time. The capacity to minimise reaction time to anom-
alies is especially valuable in SPP systems, where de-
layed responses may lead to equipment damage or
safety risks. Furthermore, A. Alzahem et al. (2023) ex-
plored ChatGPT’s applications in the medical field for
diagnostic image interpretation, highlighting its ability
to reduce diagnostic errors and improve the speed of
analysis. Their findings parallel the conclusions of this
study, as the integration of ChatGPT in SPP anomaly
detection significantly enhanced both the speed and
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accuracy of diagnostic conclusions, facilitating preven-
tive maintenance planning.

Additionally, C. Wang et al. (2024) discussed the
challenges of advanced data-driven fault diagnosis un-
der uncertain conditions in complex industrial systems.
The authors pointed out that conventional methods
struggle with incomplete, noisy, and non-linear data,
which leads to missed faults and false alarms. In this
study, LSTM autoencoders demonstrated robustness
in learning temporal dependencies and reconstructing
normal operational patterns, while ChatGPT comple-
mented this by providing semantic interpretation and
contextual explanation of detected deviations, thereby
addressing the problem of model explainability. Simi-
larly, F. Regattieri et al. (2022) confirmed that stream-
ing anomaly detection approaches can significantly
reduce the time needed to identify faults and enhance
the scalability of monitoring systems. Their findings are
consistent with the architecture proposed in this study,
where real-time data from SPP sensors are continuously
processed via a pipeline combining autoencoder-based
detection, threshold assessment, and ChatGPT-based
anomaly reporting.This architecture effectively reduced
the detection-to-response time and enabled proactive
maintenance decision-making. P. Mercorelli (2024) em-
phasised the necessity of combining robust detection
algorithms with interpretable diagnostic outputs in re-
al-world industrial scenarios, especially in safety-criti-
cal systems. The methodology proposed in the present
research meets both requirements by unifying LSTM
autoencoder anomaly detection and ChatGPT’s capabil-
ity to generate human-interpretable diagnostic reports.
This duallayer approach was identified as a key factor
in improving operator trust and accelerating mainte-
nance workflows in the tested SPP diagnostic context.
The study by W. Yan et al. (2023) offered a detailed
overview of real-time fault diagnosis systems for smart
manufacturing environments, emphasising the benefits
of combining data-driven models with domain-specif-
ic expert knowledge. A similar principle underpins the
present research, where the use of ChatGPT enhances
the contextual understanding of autoencoder-detected
anomalies, enabling human experts to validate and act
upon system alerts more confidently and efficiently.

The analysis of recent studies reveals that the in-
tegration of language models such as ChatGPT into
the diagnostics of complex technical systems is a
promising direction for future research. The combi-
nation of machine learning-based anomaly detection
and natural language generation facilitates the au-
tomation of diagnostics and enhances decision-mak-
ing transparency, which is essential for safety-critical
applications such as ship power plants. Despite its
advantages, the proposed methodology has certain
limitations. ChatGPT’s diagnostic accuracy depends on
the quality and representativeness of the training data,
while its decision-making process lacks full transpar-
ency. Future research should focus on improving the
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explainability of Al models, expanding training data-
sets, refining hybrid Al architectures, and enhancing
real-time processing capabilities.

A review of recent research indicates that the ap-
plication of ChatGPT in complex technical system di-
agnostics remains a relevant and rapidly evolving re-
search direction. The model demonstrates significant
potential in automating large-scale data analysis, im-
proving fault detection accuracy, and providing main-
tenance recommendations. Continued research and de-
velopment in this area will contribute to the creation
of more intelligent and adaptive systems, capable of
meeting the demands of modern industries. Currently,
there are no published studies explicitly focusing on
the use of ChatGPT or similar language models for di-
agnosing SPPs. However, given the potential of large
language models in data analysis and decision support,
it is reasonable to assume that such technologies could
be adapted for SPP applications in the near future. Com-
paring the results with recent studies, Al-based diag-
nostics, particularly using ChatGPT, provide significant
improvements in predictive maintenance and anomaly
detection.While previous studies have confirmed the ef-
fectiveness of ChatGPT in analysing structured data, the
current study extends its use to real-time monitoring
of complex physical systems, bridging the gap between
language-based models and industrial Al applications.

CONCLUSIONS

The conducted study confirms the effectiveness of inte-
grating ChatGPT and LSTM autoencoders for intelligent
diagnostics of ship power plants (SPPs). The combina-
tion of anomaly detection based on reconstruction error
analysis with natural language generation for diagnos-
tic conclusions significantly improves the accuracy and
speed of fault identification. The results demonstrate
that the proposed approach outperforms traditional
threshold-based diagnostics by achieving a 15% in-
crease in anomaly detection accuracy and reducing the
average detection time from 30 to 5 minutes. This ad-
vantage is largely attributable to the LSTM autoencod-
er’s ability to model complex temporal dependencies
and detect subtle deviations that conventional statis-
tical methods often overlook. Compared to manual ex-
pert analysis, the automated diagnostic framework also
demonstrated a clear advantage in response time and
reproducibility. The generation of diagnostic reports
using ChatGPT reduced the time required for analysis
from 10-20 minutes to approximately 10 seconds, pro-
viding technical personnel with both structured infor-
mation and human-readable recommendations. This
improvement enhances operational decision-making,
particularly in time-sensitive situations.

Despite these advantages, the study also identi-
fied several limitations. Traditional thresholdbased di-
agnostics, while fast and computationally inexpensive,
lack the flexibility to detect unknown or evolving fail-
ure patterns, which were successfully identified by the
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proposed system. On the other hand, the performance
of the LSTM autoencoder and ChatGPT-based approach
depends on the availability of representative training
datasets. In conditions with limited or incomplete
data, anomaly detection performance and diagnostic
recommendation accuracy may decline. The interpret-
ability of Al-driven diagnostics remains a challenge, as
the decision-making process of deep learning models
is often opaque compared to expert systems, where
diagnostic rules are explicitly defined. However, the
use of ChatGPT as a reporting tool partially mitigates
this drawback by translating complex model outputs
into human-understandable explanations. The analy-
sis of timeseries graphs and reconstruction error dis-
tributions confirmed that the proposed methodology

accuracy, faster response times, reduced reliance on
manual analysis, and improved accessibility of diag-
nostic conclusions. Future research should focus on:
deepening integration with loT-based ship systems to
enhance real-time monitoring and predictive mainte-
nance; expanding the dataset to improve model gen-
eralisation across various ship types and operational
environments; refining machine learning algorithms
to improve anomaly detection accuracy and reduce
false positives; exploring hybrid Al architectures that
combine ChatGPT with reinforcement learning and ex-
pert-driven decision models; enhancing the interpret-
ability of Al diagnostics to increase transparency and
reliability in safety-critical applications.

not only enables accurate anomaly detection but also ACKNOWLEDGEMENTS
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Bukopucranua ChatGPT nig yac iHTenekTyanbHOI AiarHOCTUKU
TEXHIYHOrO CTaHy CKNaAHUX TEXHIYHUX CUCTEM
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AHoTauis. [HTenekTyanbHa AiarHOCTUKA CKNAAHWUX TEXHIYHMX CUCTEM, 30KPEMA CYLHOBUX EHEPreTUYHUX YCTAaHOBOK, MA€E
BaX/IMBE 3Ha4YeHHs An9 3abe3neyeHHs paHHbOro BMSIBNIEHHS HECMPABHOCTEW i MiATPMMKM eKCrTyaTaLiMHoi HafiMHOCTI.
Y ubOMy AOCNIAKEHHI NPeACTaBNeHO METOLONOMYHMIA NigXia Ao iHTerpauii MoBHoi Mogeni ChatGPT B aBToMaTM30BaHy
niarHoctuky CEC. MeToto gaHoi poboTu b6yna po3pobka METOA0NOTIYHOIO NiAXoay 0 BUKOPUCTAHHS MOBHOI MOAeNi
ChatGPT B aBTOMaTM30BaHIM AiarHOCTULL CKNAAHUX TEXHIYHMX cucTeM, 3okpeMa CEC. 3anponoHoBaHa MeTOA0NOris
CKafanach 3 AeKinbKox etanis: 36ip AaHMX, nonepenHs 06pobka, HaBYAHHS MOAENi, BUSBNEHHSI aHOMaNi Ta reHepaLis
[iarHOCTUYHMX pekoMeHpauin. Cuctema iHterpysana ChatGPT 3 noTokoBO nepefavero aHWX Y peanbHOMY Yaci
(Kafka) Ta HeripomMepexxeBUM BUSIBIEHHSM aHOMainin 3 BUKOPUCTAHHSIM aBTOKOAEPIB Ta MoAenen AOBroTpuBanoi
KOpOTKOYacHoi nam'aTi. EkcnepumeHTanbHa nepesipka 6yna npoBefeHa 3 BUKOPUCTAHHAM peanbHUX onepaLinHux
HabopiB AaHWX 3 CYLHOBUX EHEPreTMYHMX YCTaHOBOK. 3anpOonOHOBaHMIA NiAXiA NPOAEMOHCTPYBaB 3HaYHE NOKPALLEHHS
TOYHOCTI BUSIBNIEHHS HECpaBHOCTeN, 36inbluMBLLKM 1T HA 15 % NopiBHAHO 3 TPaAULIMHUMU NOPOrOBUMKU METOAAMM.
Yac aiarHoCTMKM cKopoTuBCs B 9 pasis, WO A03BOAUIO iAeHTUDIKYBATU BiAXUNEHHS MalKe B peanbHOMY Yaci.
Mogenb gocarna TouHocTi 92,8 % npu knacudikauii aHOManbHWUX CTaHIB | MPaBUIBHOMY BU3HAYeHHI HeCNpaBHOCTEN
Ha paHHiX CTagigax 3a TAaKMMU KHOYOBUMM NapaMeTpamu, K TUCK, TeMnepaTypa i WBKAKICTb 06epTaHHA. AHani3
po3noAinis NOMWNOK PEKOHCTPYKLIT NiATBEPAMB 30aTHICTb CUCTEMU PO3PIi3HATU HOPMASIbHY Ta aHOMASIbHY MOBEAIHKY
cuctemu. Buasneni aHomanii 6ynn nepexpecHo niaTeBepaXeHi eKCnepTHUMM OLiHKaMW, Wo NigTBEpPAMIO NPAKTUYHY
3aCTOCOBHICTb MOAENI B peanbHUX YMOBAX AiarHOCTUKKU. KpiM Toro, peanisaLis 3anponoHOBaHOro nigxoay LO3BONSE
30iMCHIOBATU NPEAUKTUBHE NaHYBaHHSA TEXHIYHOMO 06CYroBYBaHHS, WO CNPUSIE 3HUXKEHHIO eKCMyaTaliMHMX pU3MKiB
i 3MEHLWEHHI0 BUTPAT Ha obcnyrosyBaHHs. IHTerpauia ChatGPT B cucTemMu AiarHOCTUKKM CYyAHOBUX EHEPreTUUYHMUX
YCTAHOBOK MOKPALLYE aBTOMATU30BaHY 0OpOOKY TEXHIYHOT fLOKYMEHTaLii Ta eKcnayaTaLiMHMX XXYPHaNiB, MigBULLYIOYM
NpO30pPiCTb | TOYHICTb NOSICHEHb HECMPaBHOCTEN. Pe3ynbTaTu LbOro AOCAIAKEHHS MOXYTb BYTM 3aCTOCOBaHI B
CynHOOYLYBaHHI, NPOMUCNIOBIM aBTOMaTM3aL,ii Ta TEXHIYHOMY 06C/yroBYBaHHI, CNpUSAOYM NiABULLEHHIO Be3neku Ta
HaAiMHOCTI CKNagHUX TEXHIYHUX CUCTEM

KniouoBi cnoBa: mporHosHe TexHiyHe O0OGC/NYroBYBaHHA; BWABIEHHA aHOMANii; eHepreTMuHi CUCTEMM CyaeH;

iHTeNeKTyanbHW MOHITOPUHI; aHANITUKA B peanbHOMY 4aci; OLiHKA Ha OCHOBI WTYYHOrO iHTENEKTY; ekcnayaTauiiHa
HaAinHiCcTb
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