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This study investigates bearing fault diagnosis using the Case Western Reserve University
(CWRU) dataset through a systematic approach that includes vibration signal acquisition,
feature extraction, and dataset preparation. To evaluate model performance, several
predefined Artificial Neural Network (ANN) architectures were trained and compared
alongside an automatically optimized neural network (ONN). The predefined models
provide a base- line for performance assessment, while the optimized model leverages
Bayesian optimization and cross-validation to enhance generalization and reduce
overfitting. Experimental results demonstrate that the ONN achieves the highest testing
accuracy of 98.6% and an Fl-score of 0.99, with the lowest misclassification cost,
outperforming all predefined architectures, which achieved accuracies ranging from 92%
to 95%. The finding of this study highlights the significance of network architecture
selection and hyperparameter optimization in improving ANN-based fault detection. The
proposed methodology provides a robust and efficient framework for automated bearing
fault diagnosis, offering promising prospects for predictive maintenance and reliability
enhancement in rotating machinery. Overall, the study confirms that combining systematic
feature extraction with ONN design significantly improves diagnostic accuracy and
operational reliability in industrial applications.
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1. INTRODUCTION

importance, bearing defects including outer race, inner race,
ball, and cage faults remain a major source of vibration, noise,

Rotating machines, such as motors, turbines, pumps, and
compressors, play a vital role in modern industry by enabling
energy conversion and fluid transfer processes. Their reliable
operation is critical to the efficiency and safety of industrial
systems. However, these machines are subject to various
electrical and mechanical faults, including misalignment,
unbalance, and bearing defects, which can lead to reduced
performance, unexpected shutdowns, and costly maintenance
interventions. Among these, bearing faults are the most
common, accounting for approximately 40-45% of rotating
machine failures, followed by stator (30-37%) and rotor faults
(about 10%) [1-4].

Bearings are essential mechanical elements designed to
support loads while minimizing friction and wear through
rolling elements such as balls or rollers. Despite their
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overheating, and mechanical instability. If undetected, these
issues can escalate to severe damage, system downtime, and
significant economic losses. Consequently, the timely
detection and diagnosis of bearing faults have become a
cornerstone of predictive maintenance strategies [4-9].

Traditional approaches to fault detection, such as vibration
analysis, thermography, and ultrasonic testing, provide
valuable diagnostic information but often rely on human
interpretation and predefined fault signatures [10-14]. These
limitations have motivated the growing adoption of data-
driven methods, particularly machine learning algorithms, for
automated fault detection and classification. Neural networks,
in particular, have shown strong potential in modeling
nonlinear patterns in vibration signals and improving
diagnostic accuracy [15-23].
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This study investigates the application of Multilayer
Perceptron (MLP) neural networks for the detection and
classification of bearing faults in rotating machinery.
Vibration signals are analyzed, and statistical features such as
maximum, minimum, and median values are extracted as
network inputs. Several architectures are evaluated using
benchmark datasets, including the Case Western Reserve
University (CWRU) dataset.

The contributions of this paper are threefold:

*To highlight the significance of bearing fault detection in
industrial rotating machinery.

*To evaluate the effectiveness of MLP neural networks for
fault classification using vibration features.

*To propose an automated framework that improves
accuracy and reliability in predictive maintenance.

The remainder of this paper is organized as follows: Section
2 briefly presents the architecture of neural networks; Section
3 describes the CWRU dataset; Section 4 introduces the
application of neural networks for bearing fault detection;
Section 5 discusses the classification results; and Section 6
concludes the study.

2. NEURAL NETWORKS FOR FAULT DETECTION

Artificial Neural Networks (ANNs), illustrated in Figure 1,
are computational models inspired by the structure and
functioning of biological neurons in the human brain. They are
composed of interconnected layers of processing units
(neurons) organized into an input layer, one or more hidden
layers, and an output layer [10, 22-26].

Hidden layer

Input layer

Figure 1. Schematic diagram of the neural network

In the context of classification tasks, the input layer receives
raw data features, which are then processed through hidden
layers using weighted connections and nonlinear activation
functions. These transformations enable the network to
capture complex relationships and extract relevant patterns
from the data. The output layer generates the final decision,
typically represented as a probability distribution over the
possible classes, from which the most likely class is selected.

Due to their capacity to model nonlinear relationships and
handle high-dimensional data, ANNs are particularly effective

for pattern recognition, classification, and prediction problems.

In this study, they are of significant importance for analyzing
complex datasets and enhancing the reliability of decision-
making processes.

In the context of bearing fault diagnosis, ANNs can learn
the complex nonlinear relationships between the measured
signals (such as vibration or current) and the fault types. Once
trained, the ANN can classify new unseen data with high

accuracy [27-30].

3. CWRU DATASET DESCRIPTION

The dataset utilized in this study is sourced from the CWRU
bearing data center, which is widely regarded as one of the
most comprehensive and frequently cited benchmarks in the
field of bearing fault diagnosis [27, 28]. The experiments were
carried out using a 2-horsepower reliance electric motor, in
which faults were artificially induced using electro-discharge
machining as shown in Figure 2.

The dataset provides vibration signal data collected under
both healthy and faulty bearing conditions, encompassing four
distinct states: healthy or faulty bearings as illustrated in
Figure 3.

Accelerometers

Drive end
beraing
Fen end
beraing
2 hp motor Transducer /encoder Dynamometer

Figure 2. Experimental setup of the CWRU bearing fault test
stand
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e: IRF d: BF

Figure 3. Cross-sectional diagrams of a radial ball bearing
under different conditions
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Figure 4. Vibration signals for healthy and faulty bearings
under 3 hp load condition. Healthy (green), ORF (red), IRF
(orange), BF (magenta)
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The dataset includes fault sizes ranging from 0.007 to 0.028
inches. Vibration signals were captured using accelerometers
mounted both near and far from the drive-end bearing.
Measurements were taken under varying motor loads (from 0
to 3 horsepower) and speeds ranging from 1720 to 1797 RPM.
Figure 4 illustrates the vibration signals acquired under a 3 hp
load condition for different bearing states. It can be observed
that the signal amplitude differs noticeably among the cases.

These acceleration signals serve as the primary input for
training and validating the machine learning models developed
in this study, particularly the MLP, to facilitate accurate
detection and classification of bearing fault types [31-34].

Table 1 presents the parameters of the CWRU bearing
dataset, including fault types, fault sizes, load conditions,
rotational speeds, and the corresponding data format.

Table 1. CWRU bearing dataset parameters

Fault Type Fault Size (in) Load (hp) Speed (RPM) Data Format
Healthy 0 0,1,2,3 1720-1797 .mat
ORF 0.007,0.014, 0.021 0,1,2,3 1720-1797 .mat
IRF 0.007, 0.014, 0.021,0.028  0,1,2,3 1720-1797 .mat
BF 0.007,0.014, 0.021,0.028 0,1,2,3 1720-1797 .mat
4. NEURAL NETWORKS FOR BEARING FAULT 4.1 Data pre-processing and feature extraction
DETECTION

To assess model performance, five predefined feedforward
ANN architectures of varying depth and neuron count were
trained alongside one automatically ONN. This setup allowed
for a comparison of standard network configurations with an
optimized architecture leveraging hyperparameter tuning for
improved accuracy and generalization.

Figure 5 outlines the bearing fault diagnosis pipeline, from
raw vibration signal acquisition to final classification.

[E:perimeubal Setup: CWRU Dane-set]

1

‘ Data Acquisition: Vibration Signals

Signal Types

Signal Types
(Table 1)

Healthy Bearings

| Faulty Bearings: IRF, ORF, BF

|Segmenrat.1on: Split signal into 10 subsignals

1

Feature Extraction (Tabl 2): Mean, RMS, Kurtosis, . ‘

1

|Dataset Preparation: 70% Training - 30% Testing

Model Training & Classification
(Table 3)

05 Predefined Models 01 Optimized Model | |

Classification Results

[P?rformanc? Metrics: Accuracy, Recall, Precision, Fl-Scure]

Figure 5. Workflow of the bearing fault diagnosis
methodology using neural networks
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In this study, vibration signals were extracted from the
CWRU dataset under four operating conditions: healthy
bearing, BF, IRF, and ORF. For each condition, the full-length
signal was segmented into 10 equal-length sub signals to
ensure a balanced and diverse dataset.

Figure 6 shows the segmented vibration signals for the
healthy bearing and the three faulty conditions (ORF, IRF, BF)
under a 3 hp load. The signals are divided into ten subsignals.
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Figure 6. Segmented vibration signals for healthy and faulty
bearings under a 3 hp load condition. Healthy (green), ORF
(red), IRF (orange), and BF (magenta)

Each signal has a duration of 10 s and was sampled at a
frequency of 12 kHz, resulting in 120000 data points per signal.
The signals are divided into 10 sub signals.

This segmentation process not only highlights the amplitude
differences among bearing conditions but also serves to
augment the dataset, thereby providing a larger and more
representative input set for training the neural network.

Table 2 summarizes the structure of the final processed
dataset used for training the neural network models. For each
bearing class, the table shows the number of original signals,
their composition in terms of sizes and loads, the total number
of sub signals obtained after segmentation, the number of
features extracted per sub signal, and the resulting total feature
samples. As shown, segmentation and feature extraction
expand the dataset to 4800 samples, ensuring sufficient
representation of all bearing conditions for accurate ANN



training and evaluation.

The extracted statistical features and their corresponding
mathematical expressions are summarized in Table 3. All ten
of these features were utilized for training the classifiers

without applying any further feature selection. Prior to training,
each feature was normalized to a [0, 1] range using min-max
scaling to ensure equal contribution during the learning
process (Appendix A).

Table 2. Summary of common ANN models and their use cases

Class  No of. Original Signals Comp. No. of Sub-signs  Features Per Sub-signal Total Feature Samples
Healthy 4 4 loads 10 x4 =40 10 400
ORF 12 3 sizes x 4 loads 10 x 12=120 10 1200
IRF 16 4 sizes x 4 loads 10 x 16 =160 10 1600
BF 16 4 sizes x 4 loads 10 x 16 =160 10 1600
Total 48 — 480 10 4800

Table 3. Extracted statistical features and their mathematical
expressions

Feature Name Symbol Mathematical Expression

Minimum min(x) Min(x1, x2, ..., xN)
Maximum max(x) Max(x1, x2, ..., xN)
Mean n p=(1/N) Z xi

Median Med Middle value of ordered set
Root Mean Square RMS RMS = sqrt((1/N) X xi?)
Standard Deviation 2 o = sqrt((1/N) Z (xi — p)?)
Kurtosis Kur kur = (1/N) X ((xi — p)/o)*
Peak Value Peak Max(|xi|)
Crest Factor CF CF = Peak / RMS
Impulse Factor IF IF = Peak / [(1/N) X [xi]

4.2 Training and validation

The dataset was randomly divided into two subsets: 70% for
training and 30% for testing. To enhance generalization and
prevent overfitting, a 5-fold cross-validation strategy was
applied during training [35-40].

4.3 Neural network models

Six ANN architectures were evaluated for bearing fault
classification, including five predefined feedforward networks
of varying depth and neuron count, along with one optimized
network model. The optimized network was automatically
tuned to achieve an optimal balance between classification
accuracy and computational complexity.

Hyperparameters are predefined configuration parameters
that govern the learning process of a neural network and are
set prior to training. They determine the structure and behavior
of the model, including the number of hidden layers, the
number of neurons per layer, and the type of activation
function (ReLU, sigmoid, or tanh). All models, including the
optimized network, employed cross-validation to improve
generalization and ensure robust performance (Appendix B).
The optimized network further leverages automatic
hyperparameter tuning, utilizing techniques such as Bayesian
optimization to enhance predictive reliability (Appendix C).

The evaluated models include the Narrow Neural Network
(NNN), Medium Neural Network (MNN), Wide Neural
Network (WNN), Bilayered Neural Network (BNN),
Trilayered Neural Network (TNN), and the Optimizable
Neural Network (ONN). All networks were trained using the
backpropagation algorithm.

Table 4 presents a summary of common ANN models,
detailing their structural characteristics and typical use cases.

Table 4. Summary of common ANN models and their use cases

Model Definition Use Case

NNN Few neurons per hidden layer Simple problems or limited data

MNN Moderate number of neurons per layer, between narrow and wide General applications balancing performance and cost
WNN Large number of neurons per hidden layer Complex problems with large datasets

BNN Two hidden layers Moderate complexity tasks requiring additional depth
TNN Three hidden layers Complex problems such as S}gnal processing or image

recognition
ONN Architecture or hyperparameters optimized automatically (Bayesian Tasks requiring high accuracy and adaptive tuning

optimization)

4.4 Performance evaluation metrics

To comprehensively assess the performance of
classification models, several standard metrics are considered,
including accuracy, recall (Rec), Precision (Pre), and F1-score.
These metrics, computed from the confusion matrix
components—True Positives (TP), True Negatives (TN),
False Positives (FP), and False Negatives (FN)—provide
complementary insights into model performance. Using them
together ensures a balanced evaluation, capturing both the
model’s overall correctness and its ability to correctly identify
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positive and negative instances, which is particularly
important in cases of imbalanced datasets. Egs. (1)-(4) present
the formulas for accuracy, precision, recall, and the F1-score,
respectively [26, 41-43].

TP+TN
Accuracy = 1)
TP+TN +FP+FN
Recall __Ir 2
TP+ FN



TP

Precision =———
TP+ FP

)

Fl— Score = 2% Precision + Recall

4)

Precision + Recall

In addition to the aforementioned metrics, the total
misclassification cost is reported in the results. This cost was
calculated using a uniform cost matrix where any prediction
error is assigned a unit penalty. Specifically, for our four-class
problem, a cost of 0 was applied for correct classifications and
a cost of 1 was applied for any misclassification. Consequently,

the reported 'Cost' is equivalent to the total number of
misclassified samples in the dataset.

5. CLASSIFICATION RESULTS

The performance of the six ANN architectures (NNN, MNN,
WNN, BNN, TNN, and ONN) was assessed during training
and testing. Table 5 summarizes classification accuracy and
total misclassification cost, while Table 6 reports recall,
precision, and Fl-score. The hyperparameter settings of each
model are provided in Table 7.

Table 5. Classification accuracy and total cost of ANN models

Training Phase Testing Phase

Model Accuracy Cost Accuracy Cost
NNN 94.3% 19 96.5% 5
MNN 95.8% 14 94.4% 8
WNN 94.3% 19 95.8% 6
BNN 95.8% 14 96.5% 5
TNN 93.8% 21 97.9% 3
ONN 97.6% 8 98.6% 2

Table 6. Performance evaluation of ANN models based on recall, precision, and F1-score

Model Training Phase Testing Phase
Rec Pre F1-Score Rec Pre F1-Score

NNN 0.95 0.95 0.95 0.99 0.98 0.97
MNN 0.95 0.96 0.96 0.94 0.96 0.95
WNN 0.94 0.93 0.94 0.96 0.97 0.96
BNN 0.95 0.96 0.96 0.97 0.96 0.96
TNN 0.94 0.92 0.93 0.98 0.99 0.98
ONN 0.97 0.98 0.97 0.99 0.99 0.99

Table 7. Hyperparameter settings of ANN models

Model No. of Layers First Layer Second Layer Third Layer Activation Function
NNN 1 10 - - ReLU

MNN 1 25 - - ReLU

WNN 1 100 - - ReLU

BNN 2 10 10 - ReLU

TNN 3 10 10 10 ReLU

ONN 1 12 - — Sigmoid

These results form the basis for the following discussion.
5.1 Discussion of results

The results indicate that the ONN consistently
outperformed all other models, achieving the highest testing
accuracy (98.6%), an Fl-score of 0.99, and the lowest
misclassification cost (2). This confirms the advantage of
automatic hyperparameter tuning, such as Bayesian
optimization and cross-validation, in enhancing generalization
and predictive reliability.

The TNN provided the next best performance (97.9%
accuracy, F1-score 0.98), but with greater computational cost,
highlighting those deeper architectures improve accuracy at
the expense of complex ity. The MNN and WNN achieved
moderate results, reflecting a balance between simplicity and
performance, while NNN and BNN remained less effective
compared with deeper or optimized architectures.

Most models obtained recall, precision, and F1-scores
around 0.95 in training, suggesting stable learning. However,
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ONN:ss consistently superior testing performance demonstrates
stronger robustness and reduced overfitting.

In summary, the ONN emerges as the most reliable
architecture for bearing fault diagnosis, combining high
accuracy, low cost, and optimized parameters. These findings
emphasize the importance of architectural and hyperparameter
optimization in ANN-based fault detection.

It is worth emphasizing that, unlike many previous studies
that selectively use data subsets to artificially boost
classification accuracy, this study employed the entire CWRU
dataset without any selective filtering. This comprehensive
approach provides a more realistic evaluation of the models’
performance across all fault types and operating conditions,
thereby enhancing the validity and generalizability of our
findings.

At the same time, it should be acknowledged that this study
was conducted solely using the CWRU dataset. While the
results are encouraging, the generalizability of the models to
other bearing types or to real-world industrial environments
with different noise levels and operational conditions remains



to be validated. Future work will focus on evaluating these
architectures on additional datasets to assess their robustness
and practical applicability.

6. CONCLUSION

This study presented a systematic approach for bearing fault
diagnosis using vibration signals from the CWRU dataset.
Several predefined ANN architectures were evaluated
alongside an automatically optimized neural network (ONN)
to assess the impact of network design and hyperparameter
tuning on classification performance.

The experimental results demonstrated that the ONN
consistently outperformed all predefined models, achieving
the highest testing accuracy of 98.6%, an F1-score 0f 0.99, and
the lowest misclassification cost. These findings confirm the
synergistic effect of combining systematic feature extraction
with automatic hyperparameter optimization. The statistical
features provide a compact, discriminative representation of
the raw vibration signals, which simplifies the learning task.
Bayesian optimization then tailors the network architecture
specifically to this feature set, finding the optimal depth, width,
and training parameters to maximize information extraction
and minimize overfitting. This synergy is evident in the ONN's
superior generalization and robustness compared to models
where architecture and features were not co-optimized.

Deeper architectures, such as the TNN, also achieved high
accuracy but incurred greater computational costs,
highlighting the trade-off between complexity and
performance. Predefined models with moderate depth or width
yielded reasonable results, yet they were surpassed by the
ONN in both accuracy and robustness.

Overall, this work emphasizes the critical role of integrating
network architecture selection and hyperparameter tuning with
feature engineering for ANN-based fault diagnosis. The
proposed methodology provides a robust and efficient
framework for automated bearing fault detection, supporting
predictive maintenance strategies and enhancing operational
reliability in rotating machinery. These results confirm that
ONN design, when driven by informative features, offers
significant and reliable improvements for industrial diagnostic
applications.
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NOMENCLATURE

CWRU Case Western Reserve University
MLP Multilayer Perceptron

ANN Artificial Neural Network
IRF Inner Race Fault

ORF Outer Race Fault

BF Ball Fault

NNN Narrow Neural Network
MNN Medium Neural Network
WNN Wide Neural Network

BNN Bilayered Neural Network
TNN Trilayered Neural Network
ONN Optimizable Neural Network
TP True Positive

TN True Negative

FP False Positive

FN False Negative

APPENDIX

Appendix A. Feature extraction code and data splitting

The following MATLAB code was used to extract the ten
statistical features from each signal segment. The same logic
was repeated for every bearing condition in the dataset.

% --- Load Data and Initialize Parameters ---
load('97.mat'); % Load the specific data file
signal = X097 DE time(1:120000,:);

N = length(signal);

num_segments = 10;

segment_length = floor(N / num_segments);

% Preallocate results matrix
results = zeros(num_segments, 10);

% --- Calculate Features for Each Segment ---
fori= 1:num_segments
% Define segment indices

start_idx = (i-1) * segment length + 1;
if i == num_segments
end idx = N; % Ensure last segment captures all
remaining points
else
end idx =1 * segment length;
end

% Extract the signal segment
sub_signal = signal(start_idx:end_idx);

% Calculate the 10 statistical features

min_val = min(sub_signal);

max_val = max(sub_signal);

mean_val = mean(sub_signal);

median_val = median(sub_signal); % Using built-in
function for robustness

rms_val = sqrt(mean(sub_signal."2));

std_val = std(sub_signal);

kurtosis_val = kurtosis(sub_signal);

peak val = max(abs(sub_signal));

crest_factor = peak val / rms_val;

impulse_factor = peak val / mean(abs(sub_signal));

% Store results for the segment

results(i, :) = [min_val, max val, mean val,
median_val, rms_val, ...
std val, kurtosis_val, peak val,
crest_factor, impulse factor];
end

% --- Save Features to File ---
feature names = {'Min', 'Max', 'Mean', 'Median', 'RMS/,
'StdDevV', ...

'Kurtosis', 'Peak’, 'CrestFactor’',
TmpulseFactor'};
T = array2table(results, 'VariableNames',
feature names);
writetable(T, 'features_ DE.xIsx");
disp('Features successfully saved to

"features DE.xIsx"");

Appendix B.

This appendix contains the core MATLAB code template
used to train and evaluate all ANN models presented in the
paper. The specific hyperparameters for each model (NNN,
MNN, WNN, BNN, TNN, ONN)—including the number of
layers, neurons per layer, and activation function—were
varied according to the configurations specified in Table 7.

function [resultsTable, metricsTable]
NN model(train_data, test data)
% Neural Network classifier with performance metrics
% Extract predictors and response
predictorNames = {'Max', 'Min', 'Median', 'Std', 'RMS',
'Kurtosis', 'Skewness', 'Range’, 'CF', 'TF'};
predictors = train_data(:, predictorNames);
response = train_data.Target;
% Train neural network
classificationNeuralNetwork
response, ...
'LayerSizes', [85 80], 'Activations', 'relu’, ...
'Lambda’, 2.230905500034876¢-08, 'lterationLimit',
1000, ...

fitcnet(predictors,
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'Standardize', True);

% Cross-validation (Training metrics)

partitionedModel =
crossval(classificationNeuralNetwork, 'KFold', 5);

validationPredictions = kfoldPredict(partitionedModel);

train_accuracy = (1 - kfoldLoss(partitionedModel)) *
100;

% Testing metrics

testPredictions = predict(classificationNeuralNetwork,
test_data(:, predictorNames));

test_accuracy = sum(testPredictions == test data.Target)
/ numel(test _data.Target) * 100;

% Calculate costs

costMatrix = ones(4) - eye(4); % 0 diagonal, 1 elsewhere

confMat _train = confusionmat(response,
validationPredictions);

confMat_test = confusionmat(test _data.Target,
testPredictions);

train_cost = sum(sum(confMat _train .* costMatrix));
test_cost = sum(sum(confMat _test .* costMatrix));
% Calculate metrics

[train_recall, train_precision, train_f1] =
calculate metrics(confMat _train);
[test recall, test_precision, test f1] =

calculate_metrics(confMat_test);

% Create results tables

resultsTable = table(round(train_accuracy, 1), train_cost,
round(test_accuracy,l), test_cost, ...

'VariableNames', {'Train_Acc', 'Train_Cost',
'Test Acc', 'Test Cost'}, 'RowNames', {'NN'});
metricsTable = table(round(train_recall,3),
round(train_precision,3), round(train_f1,3), ...
round(test_recall,3), round(test_precision,3),
round(test _f1,3), ...
'VariableNames', {'Train_Rec/, '"Train_Pre',

'"Train_F1', 'Test Rec', 'Test Pre', '"Test F1'}, ...
'RowNames', {NN'});
end
function [recall, precision, f1] =
calculate metrics(confMat)
% Calculate macro-average metrics from confusion
matrix
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n = size(confMat, 1);
recall_vec = zeros(n,1);
precision_vec = zeros(n,1);
fori=l:n
recall_vec(i) = confMat(i,i) / sum(confMat(i,:));
precision_vec(i) = confMat(i,i) / sum(confMat(:,i));
end

Appendix C. Bayesian optimization framework for the
ONN

This appendix describes the methodology and
hyperparameter search space used for the Bayesian
optimization of the ONN. The process was carried out to
automatically identify the most effective neural architecture
and training parameters for the bearing fault diagnosis task,
going beyond manually predefined model structures.

C.1 Optimization setup

Minimize 5-fold cross-validation

Objective classification error
Algorithm Bayesian optimization with Gaussian process
Iterations 30 iterations

Implementation MATLAB Classification Learner toolbox

C.2 Bayesian optimization search space configuration

Search

Hyperparameter Space Description
Number of Layers 1,2,3 Number of fully
connected layers
. . Number of neurons in
First Layer Size [1,300] first hidden layer
. Number of neurons in
Second Layer Size [1,300] second hidden layer
. . Number of neurons in
Third Layer Size [1,300] third hidden layer
Activation Function ReLU, Activation Function
Tanh,
Regularization Strength ~ [le-5/n, Regularization Strength
(Lambda) le5/n] (Lambda)
. True, Standardize input
Standardize Data False predictors before training






