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EFFICIENT FAULT DETECTION IN INDUSTRIAL EQUIPMENT
USING PCA AND SMOTE ENHANCED NEURAL NETWORKS

Abstract. This research addresses the challenge of fault detection in industrial equipment using high-dimensional vibration
data with limited labeled examples. The goal was to develop a neural network model capable of accurately classifying
measurement vectors into normal and faulty categories. The dataset consisted of 1158 samples, each with 93,752 numerical
features, representing two classes: 865 normal and 293 faulty instances. A comprehensive preprocessing pipeline was
employed, including standardization, dimensionality reduction using Principal Component Analysis (PCA), and Synthetic
Minority Over-sampling Technique (SMOTE) for class balancing. The developed neural network achieved a baseline
accuracy of 94.40% with 100 PCA components. Further experiments demonstrated that reducing the architecture and using
only 50 PCA components improved accuracy to 98.81%, highlighting the effectiveness of the proposed approach. These
findings emphasize the utility of combining PCA, SMOTE, and neural networks for fault detection in industrial equipment
in high-dimensional, imbalanced datasets. Future research directions include exploring advanced neural network
architectures, investigating the impact of PCA component count on model performance, and studying the feasibility of

training effective models on synthetic data.
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Introduction

Ensuring the reliability of mechanical systems is a
critical task in modern industrial environments.
Equipment failures can cause severe disruptions, leading
to costly repairs, operational delays, and, in some cases,
serious safety risks. As a result, early detection of faults
becomes an essential component of preventive
maintenance strategies. Machine learning (ML) became
a key tool in automating the fault detection process,
enabling fast and accurate identification of potential
issues. However, many traditional ML models require
large labeled datasets, which are often difficult to obtain
in real-world scenarios.

The object of study in this paper is the process of
building the neural network (NN) model to classify the
probable faults of equipment through the analysis of
vibration data. Building and training of the model
requires time and computational resources as well as the
construction of the effective architecture of the model
that could solve the problem. Additionally, this process
is data-dependent and should utilize methods to address
the unequal distribution of classes and data scarcity.

The goal of the work is to develop a robust fault
detection model that can accurately identify both nominal
and faulty instances in the equipment's operational data.

Related work

Fault detection in complex systems is a critical area
of research, particularly in industries where early
identification of equipment malfunction is essential for
preventing costly breakdowns and ensuring operational
safety. Traditional machine learning techniques are
commonly applied in this field, yet they often face
significant challenges, such as handling high-
dimensional data and imbalanced class distributions. The
dataset used in this study contains 1158 files, each

containing over 93,000 features—exemplifies a such
scenario in industrial monitoring, where large amounts of
sensor data are collected for fault detection.

High-dimensional data, such as the dataset
representatives in this research, present several
computational challenges, including overfitting and
increased computational costs. Moreover, when working
with neural networks, the risk of the “curse of
dimensionality” arises, which can affect model
performance by diluting the significance of individual
features. To address this, principal component analysis
(PCA) is commonly used as a dimensionality reduction
technique. PCA transforms the high-dimensional data
into a lower-dimensional space by extracting the most
important features, or principal components, that explain
the largest amount of variance in the dataset. PCA has
been widely validated in the literature as an effective way
to reduce computational complexity while retaining the
most relevant information, enabling more efficient
training of machine learning models, including neural
networks [1 - 3].

The unequal class distribution is a common issue in
fault detection problems, as there are significantly fewer
instances of faulty data (class 1) compared to normal
operation data (class 0). This distribution can skew model
predictions, making it more likely to favor the majority
class (class 0). The synthetic minority over-sampling
technique (SMOTE) [2] was employed to address this.
SMOTE generates synthetic samples from the minority
class by interpolating between existing examples,
effectively balancing the dataset. By providing a
balanced dataset, SMOTE helps ensure that the model is
able to detect faults as effectively as it recognizes normal
operating  conditions.  Previous  studies  have
demonstrated the usefulness of SMOTE in addressing
class imbalance, especially in industrial fault detection
scenarios where faulty conditions are rare [4, 5].
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The implementation of neural network model used
in this study was built using the Keras framework [6, 7].
The model architecture consists of three fully connected
layers, each followed by Leaky RelLU activation
functions. Leaky ReLU was chosen over the standard
ReLU to prevent the issue of “dying neurons,” where
neurons stop updating during training. Dropout layers
were applied after each dense layer to prevent overfitting
by randomly deactivating a portion of neurons during
training. Dropout is a well-known regularization
technique used to improve model generalization by
preventing overfitting to the training data [8, 9].

The final layer of the network uses a sigmoid
activation function, which is suitable for binary
classification problems, distinguishing between nominal
(non-faulty) and faulty data. Adam optimizer [10] was
used which in an adaptive learning rate optimization
algorithm that has been shown to achieve better
performance on deep learning tasks due to its ability to
adjust learning rates for each parameter dynamically.
Binary cross-entropy was used as the loss function,
which is standard for binary classification tasks.
Additionally, early stopping was employed during
training to prevent overfitting.

While other techniques such as prototype selection
and construction methods have been applied to reduce
dataset size and improve model performance, they are
often computationally expensive and risk discarding
important information. Prototype selection methods
focus on identifying the most relevant instances from the
dataset, whereas prototype construction generates new
instances to represent the data more effectively.
However, these approaches often face limitations in
terms of processing time and accuracy, especially in
high-dimensional datasets like the one used in this
research. Instead, the combination of PCA and SMOTE
provides a more efficient solution for managing the large
dataset while retaining critical information necessary for
fault detection [11, 12].

Prototype selection methods focus on identifying a
representative subset of data points from the entire
dataset. These methods aim to choose the most relevant
instances avoiding redundancy and noise. However, in
fault detection tasks, where there is a significant
difference in the number of samples between classes
(with fewer faulty samples compared to normal ones),
traditional prototype selection techniques often face
challenges. While these methods can help reduce
dimensionality, they might not effectively address the
issue of unequal class distribution. In this paper, the
SMOTE was applied to mitigate this by generating
synthetic samples, ensuring that the fault detection neural
network model receives a balanced set of examples for
training.

Conversely, prototype construction methods [12]
focus on generating new samples that represent the
underlying structure of the data. These methods employ
clustering techniques or neural networks to create
synthetic prototypes. While prototype construction can
address some issues with the unequal distribution of
classes, it may also introduce complexity and noise. PCA
was utilized in this paper to perform dimensionality

reduction, effectively capturing the main variance of the
dataset ~ while  eliminating  redundancy.  This
preprocessing step enhanced memory usage (and,
probably, model efficiency) by reducing the
dimensionality of the wvector from over 93,000
dimensions to 100.

Both prototype selection and construction methods
come with trade-offs, especially in high-dimensional
datasets like this. A significant drawback of these
methods is the high computational cost involved in
processing involved in large datasets processing the
potential introduction of noise through synthetic sample
generation. For our case, the leveraging PCA helped
alleviate these challenges by preserving the dataset's core
features, while SMOTE effectively handled class
imbalance without the need for complex prototype
construction methods.

The model building pipeline

In this paper, the traditional prototype selection and
construction techniques were not directly implemented,
as SMOTE and PCA provided a more efficient solution
for high-dimensional fault detection datasets with
unequal class distribution. This combined approach
significantly improved the model's ability to generalize,
effectively addressing both dimensionality and the
challenge of having fewer faulty data samples (class 1)
compared to normal data (class 0).

Data Preprocessing. To prepare the data for
analysis, the first step involved the standardizing dataset.
This was accomplished using the StandardScaler from the
scikit-learn library, which transforms the data so that each
feature has a mean of zero and a standard deviation of one.
The standardization formula can be expressed as (1):

x'=(x— ¢)/o, @
where x' is the standardized value of feature x after
normalization, p — mean of the feature values, ¢ —
standard deviation of the feature values.

Dimensionality Reduction. Given the high
dimensionality of the vibration data, PCA was applied to
reduce the number of features. It helps to retain the most
significant variance in the data while minimizing the
number of dimensions. The transformation can be
described by the following equation (2):

Z=XWw, 2
where Z is matrix representation of data after
dimensionality reduction, X is the original feature matrix,
W — weight matrix for the transformation in
dimensionality reduction.

Data Balancing. Data Balancing. SMOTE
generates synthetic examples for the minority class to
create a more balanced dataset. The new synthetic
instances are created by interpolating between existing
instances of the minority class (3):

Xnew = X; + /1(36]- - xi): (3)

where Xnew IS new synthetic instance generated by
SMOTE, xi is the existing instance from the minority
class, x; is the other instance from the minority class for
interpolation, and A is the interpolation factor for
generating synthetic instances.

78



ISSN 2073-7394

Cucrtemu ynpaiiHHs, HaBirarii Ta 38”sa3ky. 2025. Ne 1

Neural Network Architecture. Three hidden
layers utilize the LeakyReLU activation function, which
allows small gradients for inactive neurons. The
LeakyReL U activation can be expressed as (4):

xif x> 0;
axif x <0, “)

where a is the small constant slope, typically set to 0.1.

Dropout layers are applied after each hidden layer
to mitigate overfitting by randomly setting 25% of the
neurons to zero during training. The output layer consists
of a single neuron with a sigmoid activation function for
binary classification (5):

LeakyReLU(x) = {

1
T 1+e-z’ ©)
where z is the input to the sigmoid function, and y is the
predicted output of the model after applying the sigmoid
function.
The model was trained using the Adam optimizer
and binary cross-entropy as the loss function (6):

N _1lyw yilog(@) +
109 = =32 (i Vylaga - 50) @
where L is the loss function, calculated using binary
cross-entropy, N is the total number of instances in the
dataset, yi is the actual class label for the i-th instance,
and i is the predicted probability for the i-th instance,
representing the model's confidence that the instance
belongs to the positive class.

Early stopping was implemented to monitor the
validation loss and prevent overfitting.

The performance of the model was rigorously
evaluated on the test dataset, focusing on metrics such as
accuracy and loss. The training process was monitored
across a specified number of epochs with a batch size of
32, ensuring efficient use of computational resources
while tracking the total training time.

Data preprocessing

In this paper, various methods were employed to
develop an effective fault detection model. The primaky
focus was on the use of vibration data collected from
mechanical systems.

To ensure uniformity across the dataset, the data
was standardized using the StandardScaler from the
sklearn.preprocessing module. This normalization is
crucial for optimizing the performance of the machine
learning model. Given the large number of features, PCA
was applied to reduce the dimensionality of the dataset.
The number of principal components was set to 100,
significantly reducing computational complexity while
retaining essential variance in the data.

The dataset was then split into training and testing
sets using train_test_split from sklearn.model_selection,
with 80% allocated for training and 20% for testing. To
address class imbalance—where faulty samples were
significantly fewer than nominal ones—the SMOTE was
utilized to generate synthetic samples for the minority
class. This step was essential to ensure the model trained
effectively on a balanced dataset.

The architecture of the neural network includes
three layers. The first one contained 512 units, the second

layer had 256 units, and the third layer included 128
units. Each layer employed the LeakyRelL U activation
function to prevent inactive neurons, with a dropout rate
of 0.25 applied to each dense layer to mitigate overfitting.
The final layer utilized a sigmoid activation function for
binary classification, distinguishing between nominal
and faulty data.

The model was compiled using the Adam optimizer
with a learning rate of 0.0003, and binary cross-entropy
was used as the loss function. Early stopping procedure
was implemented to prevent overfitting, halting training
if the validation loss did not improve after two
consecutive epochs. The model’s performance was
evaluated on the test set, yielding accuracy and loss
metrics to assess its effectiveness in fault detection.

Artificial neural network modeling

Experiments were conducted on a computer with an
Intel Core i5-10500H processor and 16 GB of RAM. The
Python 3.8 programming environment in Jupyter was
utilized, with Keras 2.4 and scikit-learn 0.24 versions,
providing the necessary performance for deep learning
tasks.

The dataset consists of 1158 files with vibration
measurements, each containing high-dimensional
information with 93752 features that needed to be
processed and analyzed. There are 865 vectors
representing class 0 and 293 for class 1. Each file was
loaded into Python using the numpy and glob libraries,
resulting in a two-dimensional array where each row
represented a sample and each column corresponded to a
feature. This problem was introduced by Eric Bechhoefer
in the scope of Ukrainian hackathon of scientific works
of young scientists in the field of intellectual information
technologies [13]. The initial dataset is available in [14].

The neural network was trained over 50 epochs,
with early stopping implemented to prevent overfitting.
The training process recorded a significant increase in
accuracy, starting from 73.48% and reaching a maximum
accuracy of 100% by the 11th epoch. The loss during
training decreased rapidly, beginning at 7.51 and
converging close to zero. The model's performance was
evaluated on the test dataset, achieving an accuracy of
94.40% and a loss of 0.2953.

The loss and accuracy curves indicate that the
training and validation losses steadily decreased, while
the training accuracy significantly increased,
approaching 1.0. To assess the impact of the number of
PCA components on model performance, tests were
conducted with different values of n_components (200,
300, 400). The results showed that as the number of
components increased, the model's accuracy on the test
data decreased. Specifically, with n_components = 200,
the model achieved an accuracy of 90.95%, while for
n_components = 300, accuracy dropped to 89.66%.
Further increasing the number of components to 400
resulted in a test accuracy of 84.91%. At the same time,
the training accuracy remained high across all variations.
Based on these results, it was decided to retain 100
components as the optimal number, as it provided the
best balance between test accuracy (94.40%) and
computational complexity.
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Results

The conducted experiments explored the impact of
different neural network configurations on fault detection
accuracy. The primary goal was to determine how
changes in architecture, activation functions, and the
number of PCA components affect the model's accuracy
and loss values. The results of experiments are shown in
Table 1.

The baseline model consisted of three layers three
layers with 512, 256, and 128 neurons, used the
LeakyReLU activation function and 100 PCA
components. It achieved a test accuracy of 94.40% with
a loss value of 0.3125. This configuration served as a
reference point for comparing the results of subsequent
experiments. Replacing the LeakyReL U activation with
regular ReLU neurons keeping the other parameters
unchanged resulted in a slight improvement in test
accuracy, reaching 94.83%, although the loss value
increased to 0.3662. This suggests that while ReLU can
improve performance, it may also introduce greater
fluctuations during training.

A configuration with fewer neurons (256, 128, and
64 neurons across three layers) led to the highest test
accuracy of 95.69%. The loss value for this experiment
was 0.3201, suggesting that although the model was
effective, it might have been overly specialized to the
training data.

Increasing the number of neurons and adding a
fourth layer (1024, 512, 256, 128 neurons) resulted in a
slight improvement in test accuracy to 94.83%, with a
lower loss value of 0.2952. This configuration helped the
model generalize slightly better, as indicated by the
reduced loss, though the overall accuracy did not
significantly increase. Training accuracy remained at
98.63%, matching the baseline. Reducing the network to

two layers (512, 256 neurons) allowed us to reach
98.81% test accuracy with a loss value of 0.3392. This
shows that a simple architecture can still perform well,
potentially benefiting from the reduced complexity.

Reducing the number of PCA components to 50
showed significant improvement. This model achieved a
test accuracy of 98.71% with a very low loss of 0.1225,
which suggests that reducing the dimensionality helped
to filter out noise and preserve critical patterns.

On the other hand, increasing the number of PCA
components to 150 led to a drop in test accuracy to
92.24%, with the loss value rising to 0.5240. This
suggests that adding more components introduced
unnecessary complexity, making it harder for the model
to learn effectively.

Finally, increasing the PCA components further to
200 reduced test accuracy to 91.81% with a loss of
0.5021. The training accuracy was 98.63%, consistent
with the baseline. However, the increase in complexity
from the additional components did not improve
performance and, in fact, resulted in poorer
generalization. Probably, it is required to add more
neurons/layers in the neural network to achieve better
results for 150 or 200 PCA components.

Overall, these experiments show that finding the
optimal configuration of neural network architecture and
PCA components is critical for achieving high
performance. In particular, the reduction to 50 PCA
components proved to be highly effective, significantly
improving the model's ability to generalize, as evidenced
by the low test loss and high accuracy. Meanwhile, the
simpler architecture with two layers also demonstrated
that reduced complexity can lead to better performance,
highlighting that a more complex model is not always the
better option. The baseline architecture of the neural
network used in this study is shown in Fig. 1.

Table 1 — Model Performance Across Different Configurations

Exp. Parsr;ertgrré’(ﬁz)r;tr)sr of Activation function N%TagO%LEgA Test Accuracy (%)
1 512, 256, 128 (3 layers) LeakyReLU 100 94.40
2 512, 256, 128 (3 layers) ReLU 100 94.83
3 256, 128, 64 (3 layers) LeakyReLU 100 95.69
4 1024, 512, 256, 128 (4 layers ) LeakyRel.U 100 94.83
5 512, 256 (2 layers) LeakyRelL U 100 98.81
6 512, 256, 128 (3 layers ) LeakyReL U 50 98.71
7 512, 256, 128 (3 layers) LeakyReL U 150 92.24
8 512, 256, 128 (3 layers) LeakyRelL U 200 91.81

Input Dense 512 Dense 256 Dense 128 Danse 1
cimonenc) | orepenads || oropemags || ovoveags || Samor

Fig. 1. Architecture of the neural network used for fault detection

It consists of an input layer that processes 100
principal components, followed by three dense layers

with 512, 256, and 128 neurons respectively, each using
LeakyReL U activation and a dropout rate of 0.25. The
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final output layer utilizes a sigmoid activation for binary
classification.

The training process of this network, as shown in
Fig. 2 while Fig. 3, demonstrates a smooth convergence
of both training and validation loss, indicating effective
learning without overfitting. Additionally, the accuracy
plot reflects that the model achieves high accuracy on
both training and validation data, confirming the
robustness of the neural network.

Discussion

The results from the experiments highlight several
interesting insights into optimizing neural network
models for fault detection, particularly when dealing with
high-dimensional data and imbalanced datasets. By
systematically varying the network architecture,
activation functions, and the number of PCA
components, we were able to identify configurations that
improved the model’s performance, as well as those that
led to less effective results. Below, we discuss the
implications of these findings.

= Training loss
7 Validation loss
6
54
@ 47
=
3
2 4
1 -
04 e e —
0 5 10 15 20 25 30 35
Epochs
Fig. 2. Training and validation loss over epochs
1.00 —
0.95 1
0.90
>
o
i
=
$ 0.85 1
0.80 1
0.75 — Training accuracy
Validation accuracy

o 5 10 15 20 25 30 3
Epochs
Fig. 3. Training and validation accuracy over epochs

One of the most significant observations was the
effect of dimensionality reduction through PCA.

Reducing the number of components to 50 significantly
improved the model’s performance, leading to a test
accuracy of 98.71%. This suggests that removing excess
dimensions helped the model focus on the most critical
features, effectively filtering out noise and reducing
overfitting.

This configuration not only the accuracy but also
streamlined the learning process, allowing the model to
generalize better. Conversely, increasing the number of
PCA components to 150 and 200 degraded the
performance, with test accuracies dropping to 92.24%
and 91.81%, respectively.

These results underscore the importance of finding
the right balance in dimensionality; too many
components can lead to unnecessary complexity and
noise, hindering the model’s ability to generalize. This
also shows that the high-dimensional vector (with more
than 93 000 dimensions) could be effectively reduced for
this problem.

The experiments with different activation functions
showed that replacing LeakyReLU with ReLU led to a
slight increase in test accuracy to 94.83% but also
increased the loss to 0.3662, suggesting a potential trade-
off between stability and performance. While ReLU may
boost performance under certain conditions, it can
introduce more fluctuations during training, which may
lead to less consistent learning outcomes. On the other
hand, LeakyReLU proved to be more stable across
various configurations, as reflected in the baseline
model's performance.

The analysis of neural network architecture also
provided valuable insights. Reducing the model to two
layers with 512 and 256 neurons produced a high test
accuracy of 98.81% with a loss of 0.3392. This finding
suggests that simpler architectures can still achieve
strong performance, particularly when the data are well-
preprocessed.

Simpler models often have fewer parameters, which
can help prevent overfitting and make them more
efficient.

In contrast, adding complexity by increasing the
network to four layers with 1024, 512, 256, and 128
neurons did not yield a significant improvement,
maintaining a test accuracy of 94.83% but slightly
reducing the loss to 0.2952.

This indicates that additional layers and neurons do
not always lead to better generalization, and may instead
complicate the learning process without adding real
value.

Furthermore, the experiment that reduced the
number of neurons in each layer to 256, 128, and 64
achieved high test accuracy of 95.69%.

Overall, the experiments demonstrate that
simplicity and balance are the keys to optimizing model
performance. Effective dimensionality reduction, as seen
with 50 PCA components, can streamline the learning
process and reduce the risk of overfitting by focusing the
model on the most relevant features. Similarly, the
success of the two-layer architecture suggests that
complex, deep networks are not always necessary for
high performance, especially when the data are processed
effectively.
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These findings highlight the importance of data
preprocessing and careful architecture selection in
building models that are not only accurate but also
efficient and robust.

Conclusions

The paper addresses the problem of detecting
equipment faults through approach that uses both
machine learning techniques and advanced data
processing strategies.

The contribution of this research includes the entire
machine learning pipeline of using data preprocessing

methods like PCA, SMOTE to address the classification
problem presented with imbalanced dataset.

The practical significance of this research provides
the machine learning model effective automatic tool for
predictive maintenance of the equipment.

The prospects for further research may include but
are not limited with the search for more effective
architecture of the neural network, deeper research of the
dependency of accuracy on the quantity of elements in
PCA analysis, finally, it would be interesting to
investigate the possibility to train the effective model
only using synthetic data.
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EdexTuBHe BUsIBJIEHHS BiIMOB y NIPOMHCJI0BOMY 00J1aJHAHHI 3 BUKOpucTaHHsAM PCA
Ta NOKPalleHUX HelipOHHUX Mepex Ha ocHoBi SMOTE

B. B. I'yup, O. B. 'opoxoBaTtcbkuit

AHoTanisi. Y 1bOMy JOCTIDKEHHI PO3IJIAOA€ThCsl MpoOiieMa BHUSIBICHHS BiJIMOB Y NPOMHCIOBOMY OOJaIHaHHI 3a
JIOTIOMOT'OI0 BHCOKOBHMMIPHHX JaHHMX BiOpaiil 3 0OMEKEHOI0 KINBKICTIO MiYeHHX MPUKIaAiB. MeTolo Oyno po3poOUTH MOENb
HEHPOHHOT Mepexi, 3aTHY TOYHO Kiacu(iKyBaTd BEeKTOPH BUMIpIOBaHb Ha HOPMaJbHI Ta HecrpaBHi karteropii. Habip manux
ckiaanaBcs 3 1158 3paskiB, KOXKeH i3 AKUX MICTHB 93,752 4rcIOBi 03HAKH, 110 MPEACTABISIN JBa Kiaacu: 865 HopMansHHUX Ta 293
HECMPaBHUX BHIAJKH. ByJlO BHKOPHUCTAHO KOMIUICKCHHII KOHBEEp MOIEPeAHboi 0OpOOKHM, SKHi BKIIOYAB CTaHAApTH3ALilo,
3MEHIIEHHST PO3MIpHOCTI 3a JOIIOMOTOI0 MeTOy rooBHUX KOMIOHEHT (PCA) i TeXHIKy CHHTETHYHOTO 301JIbIIEHHST MEHIIOCTI
(SMOTE) nns 6anancyBanHs KnaciB. Po3po6inena HelipoHHa Mepexa nocsiria 6a3oBoi TouHocTi 94,40% i3 100 xommoHeHTaMHI
PCA. Tlozanplii eKCiepuMEHTH MOKa3alld, [0 3MEHIICHHS PO3MIPHOCTI apXiTeKTypH Ta BUKOPHCTaHHs e 50 KOMIIOHEHTIB
PCA mnigsuumno tounicts 10 98,81%, minkpecnoroun eeKTUBHICTb 3alponOHOBaHOro miaxony. Lli pesysbTaTi aKLEHTYIOTh
yBary Ha KopucHocti komOinyBanHsi PCA, SMOTE Ta HEHpOHHMX Mepex A BHSBJICHHS BiJMOB y BHCOKOBHMIPHHX
He30anaHCOBaHMX Habopax JaHuX. MalOyTHI HampsAMHU JOCIIZXKEHb BKIIOYAIOTh BUBYEHHS MEPEAOBUX aAPXITEKTYp HEHPOHHUX
Mepex, aHali3 BIUIMBY KiUTbKOCTI komroHeHTiB PCA Ha OpOIyKTHBHICTH MOAENI Ta IOCIHI/KEHHS MOXIIMBOCTI HaBYaHHS
eeKTUBHUX MOJIENICH HA CHHTCTHYHHX JaHHUX.

KawuoBi cinoBa: BussieHHs BinMoB; HeliponHi Mepexi; PCA; SMOTE; 3MeHIeHHs] po3MipHOCTI.
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