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ABSTRACT

The degradation of bearing components in industrial machinery leads to increased
maintenance costs and unexpected operational downtime. This paper presents a novel
methodology that integrates multi-domain statistical feature extraction spanning both time-
domain and frequency-domain characteristics to enhance the precision of bearing fault detection.
A Multi-Layer Perceptron (MLP) model was trained on the NASA IMS Bearing dataset, achieving
a classification accuracy of 86.5% across five degradation stages. Experimental results
demonstrate that the proposed method outperforms traditional classifiers such as Support Vector
Machine (SVM) and Random Forest, particularly in data-scarce environments. Furthermore, the
model is well-suited for deployment on resource-constrained embedded diagnostic systems. This
approach offers a practical and efficient solution for predictive maintenance, contributing to the
reduction of operational costs in industrial applications.
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1. INTRODUCTION

Bearings are fundamental components in modern industrial systems, ensuring the stable
operation of electromechanical machinery. They serve as the primary load-bearing interfaces
between rotating and stationary parts, playing a critical role in applications such as large-scale
wind turbines, conveyor systems in automotive manufacturing plants, and industrial robots within
automated assembly lines [1-4]. Due to their operational context, bearings are frequently subjected
to harsh conditions, including high mechanical loads, elevated rotational speeds, continuous
friction, and extreme ambient temperatures. Prolonged exposure to these stressors makes them
vulnerable to various forms of degradation, such as inner/outer race cracks, rolling element surface
spalling, and, in severe cases, complete structural failure [5-7].

Figure 1. Defected bearings with different faults: (a) Ball, (b) Inner race, (c) Outer race [§].

According to a report published in Eureka [9], bearing failures are the leading cause of
unexpected shutdowns in industrial machinery, resulting in global economic losses estimated at
up to 50 billion USD annually. Notably, such failures account for nearly 40% of all unplanned
downtime in medium to large-scale industrial operations. These statistics emphasize the urgent
need for early detection of bearing degradation to enable predictive maintenance strategies, rather
than relying on reactive maintenance following catastrophic failure. Accurate diagnosis and
prognosis of bearing degradation stages not only pose a significant technical challenge but also
offer substantial economic benefits, including reduced downtime, optimized maintenance
schedules, and extended equipment lifespan.
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Traditional approaches such as vibration spectrum analysis [10], wavelet transform [11], and
thermal monitoring [12] have been widely used for bearing fault diagnosis. However, these methods
are often limited in early fault detection due to noise-prone signals and a reliance on domain expertise
for appropriate feature selection and threshold tuning. In the context of smart manufacturing and
increasing automation, these limitations hinder their scalability and practical deployment.

Recent advances in artificial intelligence, particularly deep learning, have introduced new
opportunities for fault diagnosis and predictive maintenance. Models such as Convolutional Neural
Networks (CNN) [13], Long Short-Term Memory networks (LSTM) [14], and hybrid architectures
like CNN-SVM and CNN-LSTM [15] have demonstrated high classification accuracy (typically
>85%) on laboratory bearing datasets. In these approaches, vibration signals are often transformed
into time—frequency representations using techniques such as Short-Time Fourier Transform
(STFT), Continuous Wavelet Transform (CWT), or Empirical Mode Decomposition (EMD), and
then fed into deep neural networks as either images or time series. Several studies, including those
by D.H (2024) [16], Wang (2023) [17], and Han (2023) [18], have shown that combining CNN-
based feature extraction with robust classifiers such as SVM significantly enhances diagnostic
performance. This study proposes an efficient diagnostic framework tailored for resource-
constrained industrial environments. The framework combines multi-domain statistical feature
extraction with a Multi-Layer Perceptron (MLP) classifier to accurately identify different stages
of bearing degradation [20].

2. METHODOLOGY

2.1. NASA IMS bearing datasets

The data acquisition process was conducted continuously over a one-month period to monitor
the condition of two bearings from initial operation to failure. Each bearing was equipped with
two vibration sensors oriented orthogonally (the X and Y axes), resulting in four signal channels.
Data was recorded every 10 minutes, capturing one second of vibration signal at a sampling
frequency of 20 kHz, corresponding to 20,000 samples per channel.
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Figure 2. Bearing test rig and sensor placement illustration [19] (left),
Time-domain vibration signals of b4.x sensor (right).

The study constructs a vibration signal dataset consisting of five distinct machine condition
states: Early, representing the initial phase of operation; Normal, indicating stable performance
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with no signs of failure; Suspect, reflecting slightly abnormal behavior; Failure, showing clear
signs of malfunction; and Stage 2, corresponding to severe structural damage.

[lustration of vibration signals along the B4.X axis at five distinct time points during the
bearing's operational lifecycle, corresponding to samples 40th (Early), 500th (Normal), 1400th
(Suspect), 1700th (Failure), and 2100th (Stage 2). The variations in amplitude and waveform shape
over time reflect the progressive degradation of the bearing's mechanical condition.

2.2. Feature extraction
2.2.1. Time-domain feature extraction

To enhance the learning efficiency and generalization capability of the Al model, the raw
vibration signals are transformed into representative statistical features. This transformation helps
eliminate noise and highlight underlying trends or anomalies in the signal. The extracted features
include: minimum value, maximum value, mean, median, skewness, kurtosis, and root mean
square (RMS).

Table 1. Time-domain feature extraction formulas for vibration signal analysis.

No. | Feature Name Formula
N
1
1 | Mean Mean = Nz X;
L=A}
2 N x; — Mean\>
Skewness Skew = Z ( )
(N—-1)(N —2)4 4 SD
1=
Kurtosi N(N+1) (xi - Mean)4
urtosis =
3 | Kurtosis (N-DW=2)(N -3) i=1 SD
3(N — 1)2
(N=2)(N-3)
4 Root mean
square

Where: N is the number of data points in the signal sample; X; is the value of the i-th data point
in the sample.

2.2.2. Frequency-domain feature extraction

To detect frequency components characteristic of bearing faults, the signal is transformed into
the frequency domain using Fast Fourier Transform (FFT). The features include:

Table 2. Frequency-domain characteristic formulas for bearing fault diagnosis.

No. Feature name

Fomul

a

1 Fundamental Train Frequency

FTF = - (1 Ba )
_Zfr Pdcosa

2 Ball Pass Frequency Outer

Ny B4
BPFO = 7}2 (1 ——cCos a)

Pg
Ny By

3 Ball Pass Frequency Inner BPFI = 7fr (1 + R cos a)
d

. Py By 2

4 Ball Spin Frequency BSF =—f|1- (— cos a')
2B, Py
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Where: f,. — Rotational frequency; P; — Pitch diameter; B;— Ball diameter; cos a — Cosine of
the contact angle (o).

To enhance feature resolution in the frequency domain, the FFT spectrum of the signal is
divided into four distinct bands, and the sum of amplitudes within each band is calculated to
represent the energy distribution: Low Frequency Power (below 1,250 Hz), Medium Frequency
Power (1,250-2,600 Hz), High Frequency Power (2,600-6,000 Hz), and Very High Frequency
Power (above 6,000 Hz). During the feature extraction process, each sensor generates 15 features,
including 07 time-domain features and 08 frequency-domain features. Since each bearing is
monitored by two sensors (X-axis and Y-axis), the total number of features obtained for each
bearing is 30.

2.3. Machine learning for motor fault diagnosis

This study employs three machine learning algorithms for classification performance
evaluation: Support Vector Machine (SVM), applied with a One-vs-One strategy and class
weighting to enhance generalization and handle class imbalance; Random Forest, an ensemble of
decision trees trained on random data subsets to reduce overfitting and highlight important
features; and Multi-Layer Perceptron (MLP), a neural network with fully connected layers capable
of learning nonlinear relationships from extracted feature vectors.

3. RESULTS AND DISCUSSION

3.1. Implementation and environment setup

The study extracts information from raw NASA IMS vibration signal data into time-domain and
frequency-domain features. The dataset consists of 2,156 vibration signal samples with a sampling
frequency of 20 kHz, representing 5 operating states of the engine: early, normal, suspect, failure,
and stage 2, for each sensor. There are 4 sensors on two bearings, B3 and B4, resulting in a total of
8,624 samples. The data is split into 70% for training, 15% for validation, and 15% for testing.

Table 3. Dataset split for training the model.

Class Total Train (70%) Validation (15%) Test (15%)

Early 1,396 977 209 210
Normal 4,180 2,926 627 627
Suspect 1,530 1,071 230 229
Failure 884 619 133 132
Stage 2 634 443 95 96

Total 8,624 6,036 1,294 1,294

3.2. Impact of hidden layer size on MLP accuracy

To determine the optimal architecture of the MLP model, the study evaluates its performance
under varying hidden layer sizes, incrementally testing the number of neurons from 2 to 100.

Accuracy vs Number of Hidden Layers

40 60
Rumber of Hidden Layers

Figure 3. Classification accuracy of the MLP model with varying numbers of hidden neurons.
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As illustrated in the chart, the classification accuracy increases with the number of neurons,
reaching its peak at 91 neurons. Although performance shows a slight upward trend when
increasing the number of neurons to 100, the improvement is marginal. To optimize computational
efficiency and meet the prediction requirements on the device, the study selected 91 neurons as
the optimal number, ensuring a balance between accuracy and computational performance.
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Figure 4. Confusion matrix of the proposed MLP.

Figure 4 illustrates the confusion matrix of the proposed model (MLP). Most of the
misclassifications occur between the 'suspect' and 'normal’ classes due to overlapping signal
features (similarities between the two). On the other hand, the model shows no confusion between
the normal' and 'stage 2' states, demonstrating its ability to distinctly differentiate between the
degradation stages.

3.3. Classification model performance

Table 4. Performance comparison between the proposed method and baseline models.

Model Accuracy on testing data | Training time (s/epoch)
SVM (OvO) 84.2% 12.5
MLP 86.5% 8.0
Random Forest 88.7% 9.2

The result provides an overview of the test performance and training time for popular
classification models such as SVM, Random Forest, and MLP. Among these, MLP stands out due
to its good integration with embedded devices, with a training time of only about 8 seconds per
epoch. SVM achieves a test accuracy of 84.2%, while Random Forest performs better with 88.7%.

The results of the three methods SVM (OvO), MLP (1 hidden layer), and Random Forest show
similar accuracy. However, MLP (1 hidden layer) is the optimal choice for mobile devices with
limited resources due to its low computational complexity, minimal memory requirements, and
fast deployment capability. SVM (OvO) and Random Forest may become cumbersome as the data
size and number of classes increase.

4. CONCLUSIONS

This study presents a bearing fault detection method based on multi-domain feature extraction,
achieving an accuracy of 86.5% on the NASA IMS dataset. The proposed approach offers low
latency and minimal resource requirements, making it suitable for deployment in embedded and
resource-constrained environments. Among the evaluated classifiers, including SVM (OvO), MLP
with a single hidden layer, and Random Forest, the MLP is identified as the most practical choice
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for mobile applications due to its simple architecture, low computational complexity, and reduced
memory consumption. While the method yields promising results under controlled experimental
conditions, it is acknowledged that real-world scenarios may involve high noise levels and
dynamic system behaviors that could affect model performance. To address these challenges,
future work will focus on integrating Kalman filtering to enhance noise robustness, and
incorporating advanced signal processing techniques such as wavelet-based denoising or empirical
mode decomposition to improve feature quality. In addition, adaptive learning strategies and
domain adaptation methods will be considered to maintain model performance in varying
operating environments. The system will also be extended to support multi-sensor fusion, and
uncertainty-aware modeling approaches may be explored to further improve diagnostic reliability.
These enhancements aim to increase the robustness and generalizability of the proposed method,
thereby facilitating its broader application in practical industrial settings.
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TOM TAT

Phat hién sé'm 15i vong bi dua trén viée trich xuit dic trung da mién
stt dung bo phan loai MLP trén b{ dir licu NASA IMS

Su hao mon va suy giam hiéu sudt ciia vong bi trong mdy méc cong nghiép dan dén chi
phi bao tri tang cao va thoi gian ngung hoat dong khong mong muon. Nghién ciru nay de
xudt mét phirong phdp méi két hop trich xudt dic trung thong ké da mién (thoi gian va tan
$6) v6i thudt todn phdn cum K-means thich img dé ning cao dg chinh xdc phat hién 16i. M6
hinh Multi-Layer Perceptron (MLP) diroc huan luyén trén tdp dir liéu NASA IMS Bearing,
dat do chinh xac 86.5% trong vi¢c phdn logi 5 giai doan suy thodi ciia vong bi. Két qud thuec
nghiém cho thdy phuong phap dé xudt vueot troi so voi SVM va Random Forest trong diéu
kién dit liéu han ché, dong thoi ¢6 thé trién khai trén thiét bi kiém tra di dong, nho gon voi
tai nguyén han ché. Nghién ciru ndy cung cdp gidi phdp hiéu qud cho bao tri di dodn, gitip
gidm thiéu chi phi vdn hanh trong cong nghiép.

Tir khoa: Du doan 15i vong bi; NASA IMS; Dic trung da mién; M6 hinh MLP; Béo tri dy doan.
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