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ABSTRACT
In real-world applications, such as nuclear power plants, failure
data are often limited. Unlike supervised learning, which also re-
quires failure examples, deep autoencoder unsupervised learning
is therefore employed, involving training the model on a normal
operational dataset by calculating the reconstruction error and set-
ting a threshold to analyze new unseen data. Any dataset exceed-
ing this threshold is classified as abnormal, and the top five con-
tributing features are identified based on the highest reconstruc-
tion errors. The proposed deep autoencoder employs an architec-
ture based on the activation functions of the Leaky Rectified Linear
Unit (LeakyReLU) and Exponential Linear Unit (ELU) to mitigate
the problem of ’dying neurons’ and effectively capture complex,
non-linear correlations between features. To enhance explainabil-
ity, large language models (LLMs) are leveraged to analyze po-
tential accident types and highlight likely areas of concern. Ex-
periments were conducted on nuclear power plant accident data
(NPPAD), generated using widely adopted PCTRAN simulation
software. Comparative evaluations were conducted using Princi-
pal Component Analysis (PCA), Isolation Forest, ReLU-based au-
toencoders, and Deep autoencoders. Among these approaches, the
proposed deep autoencoders achieved the best performance. These
methods support a proactive anomaly detection method that em-
powers plant operators to detect potential accidents, identify their
root causes, and make data-driven decisions, thereby improving
safety, security, and timely maintenance.
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1. INTRODUCTION
Predictive Maintenance is a proactive strategy that aims to fore-
cast potential equipment failures and perform necessary repairs be-
fore problems arise [1]. This approach effectively minimizes down-
time, reduces costs, and improves productivity, making it espe-
cially advantageous for the nuclear sector, where safety is of the
utmost importance. Nuclear power plants (NPPs) are complex sys-
tems that require specialized expertise in various technical fields
for their placement, design, construction, commissioning, and on-
going maintenance. Their complexity requires a coordinated ap-

proach that involves experts in nuclear engineering, environmental
science, structural design, safety management, and regulatory com-
pliance to ensure safe and efficient operation over the plant’s entire
lifespan. Fundamentally, these plants use nuclear fission to gener-
ate heat, which is then used to produce steam that drives turbines,
converting nuclear energy into electricity [2]. To monitor the op-
erational safety of NPPs, AI-driven alarm systems are essential for
detecting abnormal conditions. This setup enables plant operators
to make informed decisions by identifying potential problems and
their root causes, thereby enhancing safety, security, and allowing
timely maintenance.
As per the World Nuclear Association, nuclear energy currently
provides about 9% of the world’s electricity from about 440 power
reactors, making it the second-largest source of low-carbon power
and contributing to about one-quarter of low-carbon electricity as
of 2024. In recent years, nuclear power has emerged as the sec-
ond largest source of clean energy after hydropower. More than 50
nations operate about 220 research reactors that use nuclear en-
ergy [3]. Besides research purposes, these reactors are also em-
ployed in the production of medical and industrial isotopes, along
with serving as training facilities.
In supervised learning, the model is trained on a labeled dataset,
where input and output parameters are tagged with labels identi-
fying characteristics, attributes, or classifications. In unsupervised
learning, the model uses unlabeled datasets, containing only fea-
tures without labels identifying characteristics, attributes, or classi-
fications [4] [5].
Researchers mainly focus on models such as classifiers that dis-
tinguish normal and abnormal data, principal component analysis
(PCA), isolation forest (iForest), and various deep learning meth-
ods, including autoencoders and long short-term memory (LSTM)
models. PCA is a widely used classical method for computing re-
construction errors, but it is limited to linear relationships and may
not fully capture the complexities of real-world data. In such cases,
a popular alternative is to use autoencoders, which are neural net-
work models that can compress and approximately restore data,
making them more flexible in handling non-linear relationships [6].
One key challenge in the nuclear power plant domain is the lack
of a publicly available dataset for evaluating the performance of
various algorithms. To tackle these challenges, we utilize the Nu-
clear Power Plant Accident Data (NPPAD) generated using PC-
TRAN, a widely used simulation software for nuclear power plants.
This dataset covers a comprehensive collection of data for normal

1



International Journal of Computer Applications (0975 - 8887)
Volume 187 - No.65, December 2025

operating conditions and a wide range of common accident sce-
narios that can occur in pressurized water reactor nuclear power
plants [7] [8].
In the proposed methods, the deep autoencoder, a specialized ar-
tificial neural network model, is first trained using the normal op-
erational dataset by calculating the reconstruction error and estab-
lishing a threshold for analyzing new, unseen data. After training,
the model shows the ability to accurately reconstruct normal data
with low reconstruction error. However, the model struggles with
abnormal data, resulting in higher reconstruction errors that exceed
the established threshold and are classified as anomalies. Effective
training of the neural network requires a sufficient amount of data.
To collect the normal operational dataset in a real-world scenario,
the system must be operated under normal conditions for one to
two refueling cycles. Reconstruction errors are used not only for
detecting anomalies but also for explaining them. Features with
larger reconstruction errors are considered more suspicious, as they
contribute significantly to the total reconstruction error. By analyz-
ing the contribution of each feature to the overall reconstruction
error, it becomes possible to identify the key features responsible
for the anomaly. This process provides an explainable framework
for understanding anomalies, enabling domain experts to focus on
specific features that require attention and take targeted corrective
actions.

Fig. 1. Comprehensive Workflow for Anomaly Detection and Analysis

Transformer-based Large Language Models (LLMs) have recently
shown remarkable capabilities in natural language processing and
in other areas as well. The transformer architecture is the basic

framework for all LLMs and was first introduced in the 2017
paper “Attention is All You Need.” LLMs show impressive con-
textual understanding by interpreting top contributing features re-
lated to anomalies, accident types, and changes in feature values.
This research utilizes large language models (LLMs) to analyze
potential accident types and highlight critical areas of concern,
supporting plant operators in making informed, data-driven deci-
sions [9] [10] [11].
1.1 Problem Statement: Nuclear power plants operate in high-risk
environments where even a single undetected anomaly can lead to
serious safety risks. Due to security constraints, there is a continu-
ing challenge in the nuclear power plant sector regarding the lack of
an open dataset to evaluate various algorithms. In the real world, the
absence of failure data poses a significant challenge for supervised
learning models, which rely on labeled data for both anomalies and
normal conditions.
1.2 Motivation: Advancements in technology have created new op-
portunities to address challenges in nuclear power plant safety and
maintenance. This has motivated the exploration and integration
of innovative approaches, such as deep autoencoder reconstruction
threshold-based anomaly detection and LLMs to enhance explain-
ability and report generation.
1.3 Contribution: The significant contributions of this study are
summarized below:

a) Identify the key features contributing to the anomaly based
on the highest reconstruction errors. Furthermore, LLMs are
leveraged to analyze potential accident types and pinpoint
likely areas of concern.

b) Deep autoencoder, combining Leaky Rectified Linear Unit
(LeakyReLU) and Exponential Linear Unit (ELU) activation
functions, mitigate the ’dying neurons’ problem and effec-
tively captures complex and non-linear correlations between
features.

c) For a comprehensive analysis, normal and anomalous behav-
iors were evaluated by testing the models on 17 distinct acci-
dent sets covered by NPPAD.

Overall, this research presents an efficient anomaly detection
method for critical industries, leveraging the predictive capabili-
ties of deep learning alongside the enhanced explainability offered
by LLMs integration. The solution enables proactive anomaly de-
tection, helping plant operators identify potential risks early, opti-
mize maintenance schedules, and mitigate safety incidents in nu-
clear power plants.

2. LITERATURE REVIEW
PCA is a well-known classical method for dimensionality reduc-
tion and anomaly detection. It identifies anomalies based on recon-
struction errors, where the encoder and decoder are linear mod-
els. Researcher Takeishi (2019) proposed utilizing Shapley values,
a simple game-theoretic approach, to fairly distribute the total er-
ror among features by analyzing their marginal contributions. The
study introduced an efficient value function based on the PCA prob-
abilistic framework, which accounts for feature correlations and
conditional distributions, demonstrating enhanced interpretability
over raw reconstruction errors. This method effectively aids in
identifying feature contributions, advancing fault detection, and in-
terpreting anomaly analysis [6].
Isolation Forest is often employed as a state-of-the-art anomaly
detector in real-world applications due to its simplicity and effi-
ciency. However, its linear isolation method struggles with high-
dimensional, non-linear, or complex data, leading to difficulty in
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detecting hard anomalies. In 2023, Xu et al. introduced Deep Iso-
lation Forest (DIF), a method that employs deep neural networks
to transform the data, enabling the capture of non-linear relation-
ships and better handling of complex, high-dimensional datasets.
The transformed data is then passed to the iForest model, which
performs the anomaly detection in this new representation space.
The weight matrix Wi is generated based on the base weight ma-
trix W0, and these weight matrices are used to transform the input
data into new representations [12].
Researchers Qi et al. (2023) explored the critical role of fault di-
agnosis in ensuring the safety of nuclear power plants (NPPs).
This paper reviews fault diagnosis techniques from the perspec-
tive of artificial intelligence (AI) and fault diagnosis techniques
are classified into knowledge-driven and data-driven approaches.
Knowledge-driven methods utilizing the experience of domain
experts include early if-then rules-based principles. The data-
driven section provides a detailed survey of fault diagnosis meth-
ods based on single and hybrid algorithms like artificial neural
networks(ANNs), support vector machines(SVMs), decision tree,
PCA, clustering, etc. Due to the complex relation-capturing nature
of hybrid algorithms such as ANN+X, where X stands for other
auxiliary algorithms, are emerging as a popular direction driven
by advancements in deep learning technology by researchers, since
single algorithms often fall short in meeting diagnostic needs [13].
A notable study by Li et al. (2022) developed an anomaly detec-
tion method for nuclear power plant (NPP) operations using an
unsupervised deep generative model, specifically leveraging Vari-
ational Autoencoders (VAE) and Isolation Forest (iForest) tech-
niques. VAE encode a continuous, probabilistic representation of
that latent space or lower-dimensional space. In these methods,
VAE trains on a normal condition dataset and calculates recon-
struction error, if the input data is similar to the training normal
operations data, the VAE will successfully reconstruct it with low
error. However, if the data deviates from this normal pattern, indi-
cating an abnormal nature with high error. After that, the iForest
further analyzes the high reconstruction error from the VAE to de-
tect anomalies definitively. Isolation Forest identifies anomalies by
constructing isolation trees that randomly partition data, measur-
ing how quickly data points can be isolated. Points that are isolated
quickly are classified as anomalies [14].
Cancemi et al. (2023) explore deep learning techniques for unsu-
pervised anomaly detection in nuclear power plant components us-
ing a digital twin of a pressurized water reactor (PWR) 2-loop sim-
ulator. The study aims to predict failures before safety systems ac-
tivate by simulating various loss of cooling accident (LOCA) sce-
narios, adding Gaussian noise for realism. They employ an autoen-
coder architecture that uses ReLU activation functions, training it
on normal operational conditions dataset to effectively reconstruct
the original input data through its encoder and decoder components
and then calculate reconstruction error and establish a threshold, af-
ter that any new data that exceeds this threshold is identified as an
anomaly [15].
Chaudhary et al. (2024) explore anomaly detection in nuclear
power plants, by highlighting the risks of cyberattacks in critical
infrastructure. The study uses a Bi-LSTM model for early anomaly
detection, based on reconstruction threshold and validated through
simulations of cyberattacks on the Asherah Nuclear Power Plant
simulator. For better explainable they apply shapley additive expla-
nations AI methods to find key features contributing to anomaly
detection. This research provides a robust framework for enhanc-
ing cybersecurity in critical industries through real-time monitoring
and explainable models [16].

Recent studies by Liso et al. (2024) highlight the increasing sig-
nificance of anomaly detection in sectors such as Industry 4.0,
energy management, smart agriculture, cybersecurity, and bioin-
formatics. The analysis highlighted the growing adoption of au-
toencoders across various configurations and application scenar-
ios, demonstrating their effectiveness and versatility in detecting
anomalies. The study also identifies gaps in current knowledge and
proposes future directions to consolidate research and develop a
unified framework for anomaly detection [17]. In finance and bank-
ing, it can be applied to fraud detection, risk management, and
stock market analysis. In healthcare, it enables real-time monitor-
ing of abnormal vital signs, such as irregular heartbeats or oxygen
levels. In the manufacturing sector, it supports predictive mainte-
nance of machinery and the detection of production line defects. In
cybersecurity, it aids in identifying unauthorized access, detecting
malware, and analyzing user behavior for threats.
Emergency decision support techniques play an important role in
complex and safety-critical systems such as nuclear power plants
(NPPs). Xiao et al. (2024) review these techniques as a compre-
hensive framework involving operator training, risk assessment,
fault detection, multi-criteria decision support, and accident con-
sequence analysis. They discuss key systems like the Real-Time
Online Decision Support System for Nuclear Emergencies (RO-
DOS), the Accident Reporting and Guiding Operational System
(ARGOS), and the Decision Support Tool for Severe Accidents
(Severa). The authors highlight challenges such as integrating risk
assessment, improving training methods, and utilizing LLMs. They
propose a new decision support system that combines advanced
probabilistic safety assessments (PSA) methods that are conducted
by systematically analyzing potential accidents in nuclear power
plants through fault and event tree analysis, data collection, and
risk characterization. This process evaluates failure probabilities
and consequences to inform safety decisions and emergency man-
agement strategies [18].

3. STATE-OF-THE-ART METHODS
3.1 PCA for Anomaly Detection: PCA transforms data into prin-
cipal components, and the original data can be reconstructed from
these components with minimal loss. Consider a dataset with two
features, x and y, for which the covariance matrix is given as:

Covariance Matrix (C) =
(

cov(x, x) cov(x, y)
cov(y, x) cov(y, y)

)

Where, cov(x, y) =
∑n

i=1(xi − x̄)(yi − ȳ)

n− 1

Eigenvalues (λ1, λ2) and Eigenvectors (V1, V2) are derived from:

det(C − λI) = 0, (C − λI)V = 0

Where, I is the identity matrix of the same dimension as C

Eigenvectors V1 =

(
V11

V12

)
and V2 =

(
V21

V22

)
are obtained.

Feature vector is formed by sorting eigenvectors by descending
eigenvalues:

Feature Vector =
(
V1 V2

)
Principal components are obtained by multiplying the transpose of
the feature vector with the transpose of the standardized data.

FinalData = Feature VectorT × Scaled DataT
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TransformedData = FinalDataT

ReconstructedData = (TransformedData×Feature VectorT )× Std
+ Original Mean
The optimal principal components k must be chosen. The number
of principal components affects reconstruction accuracy: too many
components minimize reconstruction error for all data, while too
few result in poor reconstruction of the original data [6] [19] [20].
While PCA is a powerful tool, it has limitations, mainly because
the feature vectors or principal components are restricted to being
linear combinations of the existing features. If the data cannot be
explained by linear combinations, PCA is less effective.

3.2 Isolation Forest: iForest is a popular anomaly detection
method that identifies anomalies based on isolation difficulty in the
data space. Anomaly scores are computed for each data point, with
those exceeding a threshold classified as abnormal data.

S(x, n) = 2−
E(h(x))
c(n)

Where:

n = Number of data points, x = Data point being evaluated
E(h(x)) = Average isolation path length of x in a tree
c(n) = Average depth of data points in a tree or average value
of h(x).

c(n) = 2H(n− 1)− 2(n− 1)

n
,

Where, H(n) is the nth harmonic number, which can be ap-
proximated by ln(n) + γ, with γ ≈ 0.577 being the Euler-
Mascheroni constant.

If E(h(x)) ≪ c(n), S(x, n) ≈ 1, indicating an anomaly.

If E(h(x)) ≫ c(n), S(x, n) ≈ 0, indicating a normal point.

If E(h(x)) = c(n), S(x, n) = 0.5, indicating an uncertainty.

An anomaly score ranges from 0 to 1, with scores near 1 indicat-
ing anomalies and scores near 0 indicating normal points. The tree
used in iForest is known as an Extra(Extremely Randomized) Tree
Regressor, in which splits are performed by selecting nodes ran-
domly [12] [21] [22]. While iForest has significant advantages, it
also has limitations, it may assign high anomaly scores to normal
points near the edges of the data distribution due to their sparse
surroundings, and it assumes feature independence when creating
splits, which often does not align with the correlated nature of real-
world datasets.

3.3 Autoencoders: It is a type of neural network architecture de-
signed to compress or encode input data into essential features and
reconstruct or decode the original input from the compressed rep-
resentation. In the case of anomaly detection, reconstruction error
measures the difference between the original input and its recon-
structed output, with higher errors typically indicating anomalies.
Encoder maps the input x ∈ Rn to the latent space z ∈ Rm:

z = σ(Wx+ b)

Decoder reconstructs the input x̂ from the latent space z:

x̂ = σ′(W ′z + b′)

Where W = weight matrices, b = bias vectors, σ = activation func-
tions, n = input dimension, m = latent space dimension.
Autoencoders use non-linear activation functions to capture com-
plex, non-linear correlations between features, thereby increas-
ing detection accuracy. Various types of autoencoders have been
proposed by researchers, including variational autoencoders, de-
noising autoencoders, deep autoencoders, and sparse autoen-
coders [23] [24] [25].
The reviewed state-of-the-art methods provide significant advance-
ments in anomaly detection, they each have inherent strengths and
limitations. These approaches are specifically designed to address
different tasks, and their effectiveness depends on the particular re-
quirements of the application, such as data characteristics, com-
plexity, and the nature of the anomalies being detected.

4. OVERVIEW OF THE DATASET
One of the key challenges in the nuclear power plant domain is the
lack of a publicly available dataset for evaluating the performance
of various algorithms. To tackle these challenges, we utilize the
Nuclear Power Plant Accident Data (NPPAD), licensed under the
MIT license and developed by Qi et al., using PCTRAN, a widely
used and well-established simulation software for nuclear power
plants [7] [8]. The dataset covers 18 types of operating conditions,
including normal operation, various loss of coolant accidents (Hot
Leg, Cold Leg), steam line breaks (inside and outside containment),
hydrogen burn scenarios, loss of AC power, locked rotor events,
and anticipated transients without scram. It also addresses turbine
trips, steam generator tube ruptures (A and B), and other events
like rod withdrawal and insertion, feedwater line breaks, moder-
ator dilution, load rejection, and letdown line breaks in auxiliary
buildings. There are 97 accident parameters variables in this dataset
that pertain to accident conditions and represent essential features
of a nuclear reactor accident, including but not limited to, reactor
coolant temperatures, pressure levels in steam generators and the
reactor building, flow rates for coolant, feedwater, and steam, re-
actor power metrics like thermal output and turbine load, critical
reactivity factors, radiation levels, safety system flows, etc [7]. By
studying them, a deeper understanding of the complex dynamics
of reactor accidents can be gained, and areas for improvement in
reactor design and safety protocols can be identified.

5. RESEARCH METHODOLOGY
5.1 Data Preprocessing Techniques: Since the Nuclear Power
Plant Accident Data (NPPAD) [7] includes a normal condition
dataset with only 302 rows, the neural network requires sufficient
data to learn patterns effectively. Therefore, the amount of data
needs to be increased using data augmentation techniques.

Add Gaussian Noise: There are mainly two benefits of adding
gaussian noise in a dataset, one is to increase the size of the dataset
by augmentation and introduces realism that might occur in real
operational conditions. Gaussian noise is added to the numeric
columns containing variable values, while excluding the time col-
umn and any columns with constant unique values. This approach
simulates new data while ensuring the integrity of the normal con-
dition data is preserved. It is calculated using two main parameters
σcol and µcol of each feature (column) [26]:
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σcol =

√√√√ 1

N

N∑
i=1

(xi − µcol)2

where:

xi represents individual data points,
N is the total number of data points,
µcol is the mean of the column, calculated as:

µcol =
1

N

N∑
i=1

xi

After calculating the standard deviation for each column, it pro-
vides a measure of how much the values in that column typically
vary from their mean. A noise multiplier of 0.001 is chosen to suit
sensitive cases like nuclear power plant data, where small fluctua-
tions are realistic. The noise values are generated randomly from a
normal distribution with a mean of 0 value and a standard deviation
determined by multiplying the noise multiplier with the column’s
standard deviation.

N (0, noise multiplier × σcol) .

N (xi | µcol, σ
2) =

1√
2πσ2

e
− (xi−µcol)

2

2σ2

The normal distribution determines the probability density of a ran-
dom variable x within the curve. The function generates a bell-
shaped curve, where the peak occurs at x = µ. Values closer to
the mean (µ) have higher probability densities, while values farther
from the mean decrease in probability density exponentially [27].
Once the noise is generated, the new data value x′

i for each original
value xi is:

x′
i = xi + Noisei

Clipping: After the noise is added, the resulting value x′
i may fall

outside the range of the original data. To ensure realistic values,
noise-augmented data are constrained within the original column’s
minimum and maximum [26].

x′
i = clip(x′

i, xmin, xmax)

where:

clip(x′
i, xmin, xmax) =


xmin if x′

i < xmin

x′
i if xmin ≤ x′

i ≤ xmax

xmax if x′
i > xmax

Min-Max Scaling: Many machine learning models assume that
features follow a normal distribution, but real-world datasets of-
ten have skewed distributions. Skewed features can be transformed
using feature scaling techniques to improve model effectiveness.
Min-Max Scaling, a form of normalization, resizes variables to a
fixed range, typically [0, 1]. This is particularly useful when the
data is not normally distributed [28].

x′ =
xi −Xmin

(Xmax −Xmin) + ϵ

Where:

xi is the original value,

Xmin is the minimum value of the feature,

Xmax is the maximum value of the feature,

ϵ is a small constant added to prevent division by zero

5.2 Model Architecture: The proposed method employs a deep
autoencoder, an unsupervised learning model comprising six linear
layers in both the encoding and decoding stages. The model utilizes
a combination of LeakyReLU and ELU activation functions to in-
troduce non-linearity. This involves training the model on a normal
operational dataset by calculating the reconstruction error and set-
ting the threshold for analyzing new unseen data. After training, the
model shows the ability to accurately reconstruct normal data with
low reconstruction error. However, it struggles with abnormal data,
resulting in higher reconstruction errors that exceed the established
threshold and are classified as anomalies [15] [23] [24] [25].

Algorithm 1 Deep Autoencoder
Encoder Architecture:

Linear layer (input dim → 128)
LeakyReLU activation (negative slope=0.1)
Linear layer (128 → 96)
LeakyReLU activation (negative slope=0.1)
Linear layer (96 → 80)
LeakyReLU activation (negative slope=0.1)
Linear layer (80 → 64)
ELU activation (alpha=1.0)
Linear layer (64 → 48)
ELU activation (alpha=1.0)
Linear layer (48 → encoding dim)

Decoder Architecture:
Linear layer (encoding dim → 48)
ELU activation (alpha=1.0)
Linear layer (48 → 64)
ELU activation (alpha=1.0)
Linear layer (64 → 80)
LeakyReLU activation (negative slope=0.1)
Linear layer (80 → 96)
LeakyReLU activation (negative slope=0.1)
Linear layer (96 → 128)
LeakyReLU activation (negative slope=0.1)
Linear layer (128 → output dim)

Hyperparameters and Configuration:
Learning rate: 0.00001
Batch size: 64
Epochs: 400
Optimizer: Adam
L2 lambda: 0.001
Encoding dim = 32
Input dim = 97 = Output dim

Without activation functions, neural networks can only represent
linear relationships, which prevents them from capturing complex,
non-linear patterns in real-world data. A combined activation func-
tion is used for the following reasons:
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LeakyReLU(x) =

{
x if x ≥ 0

αx if x < 0

ELU(x) =

{
x if x ≥ 0

α(exp(x)− 1) if x < 0

The derivatives of many activation functions (e.g tanh, sigmoid)
are very close to 0, demonstrating the vanishing gradient problem.
ReLU mitigates this issue on the positive side but still suffers from
a similar problem for negative inputs, where gradients are 0. This
is referred to as the dying ReLU problem instead [29] [30].
LeakyReLU primarily solves the dying neuron problem by allow-
ing negative inputs to have a small, non-zero output, ensuring that
all neurons remain active and contribute to the learning process.
The output range is (−∞,∞), and α is a small constant that con-
trols the slope for negative inputs.
The ELU activation function addresses the dying neuron problem
and vanishing gradient problem by maintaining non-zero dynamic
gradients for negative inputs, where gradients represent the rate of
change of a function with respect to its parameters or derivatives
of activation functions and the output lies in the range of [−1,∞),
and α determines the saturation level of the negative inputs [31].

5.3 Training and Validation loss: In this research, the model is
first trained using data from normal operating conditions, as real-
world failure data is limited. Mean squared error (MSE) is used
as the loss function during training, where errors are squared and
larger deviations are penalized more heavily than smaller ones,
helping the model focus on minimizing the loss during optimiza-
tion [32] [33].

MSE =
1

n

n∑
i=1

(yi − ŷi)
2

Where:

yi is the true value of the i-th data point,
ŷi is the predicted value of the i-th data point.
n is the total number of data points.

The validation loss is calculated in a similar manner, using the val-
idation dataset.

Fig. 2. Training and Validation loss Curve

After analyzing the training and validation loss curves, it was found
that the curves remain very close throughout the training process.
This suggests that the model generalizes well and is not overfit-
ting to the training data. From epoch 100 onwards, the losses con-
tinue to decrease slowly and become almost stable in the range of
epochs 350 to 400, with final values of 0.02878 for training loss
and 0.02817 for validation loss.

5.4 Ridge Regularization(L2): Ridge regression is mostly used to
reduce the overfitting in the model. In this technique, the cost func-
tion is altered by adding the penalty term to it. We can calculate
it by multiplying with the lambda to the squared weight of each
individual feature. The equation for the cost function in ridge re-
gression will be:

RidgeCostFunction =

n∑
i=1

(yi − ŷi)
2 + λ

d∑
j=1

W 2
j

Here, λ
∑d

j=1 W
2
j is the penalty, with Wj being the weights.

Increasing the value of λ (e.g., 0.0001, 0.01, 0.1, 1, 2, 3, etc.) in-
creases the cost function. As the model minimizes the loss, it bal-
ances reducing residual error and penalizing large coefficients. This
encourages less important features to have smaller coefficients,
driving them closer to zero, while more relevant features maintain
higher coefficients. A higher coefficient indicates a more important
feature, while a smaller coefficient suggests less relevance to the
model [24] [34].

5.5 Reconstruction Threshold: Reconstruction error measures the
difference between the original input and its reconstructed out-
put, with higher errors often indicating the presence of anoma-
lies. Common metrics for calculating reconstruction error include
mean squared error (MSE) and mean absolute error (MAE). MSE
is highly sensitive to large errors due to its squaring effect. MAE,
on the other hand, provides stability and robustness in evaluating
how well each individual sample has been reconstructed. MAE was
selected for this study due to its consistent performance. [32] [33].

MAE =
1

n

n∑
i=1

|yi − ŷi|

Where:

yi is the true value of the i-th data point,
ŷi is the predicted value of the i-th data point,
n is the total number of data points.

The reconstruction error threshold is computed as follows:

µ =
1

n

n∑
i=1

reconstruction errori

σ =

√√√√ 1

n

n∑
i=1

(reconstruction errori − µ)2

Threshold = µ+ k · σ
where k is a multiplier, commonly set to k = 3 for a 99.7% confi-
dence level. The reconstruction threshold can vary with each train-
ing time due to random initialization of weights and random splits
of training, testing, and validation data. However, the threshold re-
mains within a specific range for each run. After training the model,
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the reconstruction threshold got fixed at 0.0838, and data exceeding
this threshold were marked as anomalies.

5.6 Key Features Contributing to the Anomaly: After detecting
abnormal data, the key features contributing to the anomaly are
identified based on the highest reconstruction errors. For the ac-
cident type ’Loss of Coolant Accident (LOCA) hot leg’, the top
five features that contribute most to the anomaly, based on higher
reconstruction errors, are shown below:

Features Abnormal
Value

Reconstruction
Error

Reconstruction
Threshold

WRCA 14895.537 4.106

0.0838
THB 386.813 3.473
WRCB 30797.503 2.882
THA 356.816 2.109
PSGA 55.165 1.800

Table 1: Top 5 Features Contributing to LOCA

Model proactively identifies potential accident types by analyzing
changes in key feature values, enabling timely detection and mit-
igation. As shown in the table above, during a LOCA-Hot Leg,
several critical features are affected, such as hot leg temperatures
(THA and THB) increase due to insufficient coolant flow, coolant
flow rates (WRCA and WRCB) decrease sharply from the loss of
coolant volume, and steam generator pressure (PSGA) drops as the
system pressure falls. These changes not only indicate the likeli-
hood of a LOCA event but also help pinpoint the affected area,
allowing for focused and efficient issue resolution.

5.7 Evaluation Metrics: For evaluation purpose, normal and
accident-related abnormal test datasets were classified using the re-
construction threshold. The confusion matrix below compares the
normal test data with the LOCA–Cold Leg abnormal dataset.
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Fig. 3. Confusion Matrix

In the context of statistics, TP (the number of positive data points
correctly identified or actual abnormal data predicted as abnor-
mal)), TN (the number of negative data points correctly identified
or actual normal data predicted as normal), FP (the number of neg-
ative data points wrongly marked as positive or actual normal data

predicted as abnormal), and FN (the number of positive data points
wrongly marked as negative or actual abnormal data predicted as
normal) [35].

Accuracy rate =
TP + TN

TP + TN + FP + FN

Precision rate =
TP

TP + FP

Recall rate =
TP

TP + FN

F1 score =
2× Precision × Recall

Precision + Recall
The tables below highlight the performance of different methods:

Method Accuracy Precision Recall F1-Score

Isolation Forest 0.954 0.904 1.000 0.950

PCA 0.981 0.958 1.000 0.978

Autoencoder (ReLU) 0.990 0.978 1.000 0.989

Deep Autoencoder
(LeakyReLU, ELU)

0.996 0.992 1.000 0.996

Table 2: Performance Metrics

The model was also tested across 17 different accident types from
the NPPAD dataset, with zero false negatives, indicating that all
anomalies were accurately identified. Furthermore, with sufficient
normal condition data for training, the false positive rate has the po-
tential to be reduced to zero, further enhancing the model reliability
in practical applications.

6. ENHANCED EXPLAINABILITY WITH LLM
To enhance explainability, LLMs are leveraged to analyze possible
accident types and pinpoint likely areas of concern using the key
features contributing to the anomaly. LLMs like GPT, LLAMA,
Phi, Mistral, Gemini, etc., excel in generating human-like text for
diverse tasks such as programming, creative writing, report genera-
tion, customer support, and decision-making. LLMs are prediction
engines that take a sequence of words and tries to predict the most
likely sequence to come after that sequence. It does this by assign-
ing probabilities to likely next sequences and sampling from them
to choose one. The process repeats until a stopping condition is met
[9] [10] [11] [36] [37].

6.1 Supervised fine-tuning (SFT): In SFT, a pre-trained LLM is
further trained on a labeled dataset using supervised learning meth-
ods. This process involves three steps to optimize the model for
specific tasks [38] [39].

Pre-training: The foundation model is trained on a large
dataset to learn language patterns, grammar, and context by
predicting the next word, building a broad understanding of
language.
Data Labeling: A labeled dataset is created for supervised
learning, guiding the model in adjusting its parameters.
Fine-tuning: The pre-trained model is further trained on
a task-specific labeled dataset to improve performance in
tasks like text classification, sentiment analysis, or question-
answering.
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Common supervised fine-tuning methods for LLMs include LoRA
(Low-Rank Adaptation) and its memory-efficient variant, QLoRA
(Quantized LoRA). Both are part of the Parameter-Efficient Fine-
Tuning (PEFT) family, designed to improve fine-tuning effi-
ciency [40] [41].

6.2 Low-Rank Adaptation(LORA): In natural language process-
ing, a common approach is to pre-train models on large amounts
of general data and then adapt them to specific tasks. However, as
models get larger, fine-tuning all the parameters becomes harder
and more expensive. For example, fine-tuning a model like GPT-
3 with 175 billion parameters can be very costly. To solve this
problem, researcher proposed Low-Rank Adaptation(LoRA) tech-
niques, which freezes the pre-trained model weights and injects
trainable lower-rank decomposition matrices into each layer of the
Transformer architecture, greatly reducing the number of trainable
parameters for downstream tasks. Compared to GPT-3 175B fine-
tuned with Adam, LoRA can reduce the number of trainable pa-
rameters by 10,000 times and the GPU memory requirement by 3
times [42]. LoRA’s approach to fine-tuning uses low-rank decom-
position to represent weight updates with two smaller matrices, re-
ducing the number of trainable parameters and making fine-tuning
more efficient. QLoRA (Quantized LoRA)is a memory-efficient
variant of LoRA that further reduces the memory requirements for
fine-tuning large LLMs. Quantization is a technique to reduce com-
putational and memory costs by using low-precision data types or
fewer bits to represent data, such as 8-bit integers (int8) instead of
32-bit floats(float32) [40] [41] [43]. Reducing the number of bits
means the resulting model requires less memory storage, consumes
less energy, and operations like matrix multiplication can be per-
formed much faster with integer arithmetic.

Once the deep autoencoder identifies the top contributing features,
their increased or decreased values are provided to fine-tuned LLM
model using impact-based system prompts to explain the causes
of the anomaly, pinpoint critical areas with recommended mainte-
nance actions, and produce a clear, human-readable report.

7. CONCLUSION AND FUTURE WORK
This research presents a proactive anomaly detection method for
nuclear power plants using deep autoencoders with LeakyReLU
and ELU activation functions, integrated with a reconstruction-
threshold-based approach and large language models (LLMs) for
enhanced explainability. The model effectively captures non-linear
dependencies in normal operational data, identifies abnormal pat-
terns through elevated reconstruction thresholds, and highlights
key contributing features to support operator decision-making and
timely maintenance actions. Experiments conducted on the PC-
TRAN generated Nuclear Power Plant Accident Data (NPPAD)
demonstrated strong performance across diverse accident scenar-
ios and normal operations, enabling the establishment of a reliable
threshold-based detection method. The integration of LLMs fur-
ther strengthened the method by providing contextual analysis of
potential accident types, improving decision support and operator
awareness in high-risk environments. By combining unsupervised
learning with explainable AI, this approach allows a shift from re-
active to predictive maintenance strategies, enhancing operational
safety, reducing downtime, and supporting resilient nuclear power
plant management. Future work will focus on real-time implemen-
tation using streaming sensor data and edge computing devices to
improve responsiveness and operational efficiency. Incorporating
real-world operational data collected over one to two refueling cy-
cles will enhance generalization and robustness, while accounting

for environmental conditions, equipment lifecycle, and system dis-
turbances will ensure adaptability under complex conditions. Ad-
ditionally, the applicability of this method will be explored in other
critical infrastructure sectors, and hybrid approaches that combine
knowledge-driven and data-driven models will be investigated to
further improve anomaly detection, interpretability, and predictive
maintenance capabilities across diverse operational environments.
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