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Abstract 

Purpose – This study evaluates vibration-based bearing fault diagnosis using 
a Deep Multilayer Perceptron (Deep MLP) and compares its performance 
with SVM-RBF and Random Forest using identical time-domain vibration 
features. 

Methodology – A quantitative benchmark design used 128 balanced CWRU-
derived observations representing Normal, Ball Fault, Inner Race Fault, and 
Outer Race Fault. Nine time-domain features were analyzed. Performance was 
estimated through repeated stratified 5-fold cross-validation with 10 
repetitions, accuracy, macro precision, macro recall, macro F1-score, and 
Wilcoxon signed-rank tests. 

Findings – Deep MLP achieved mean accuracy and macro F1-score of 
99.53%. SVM-RBF and Random Forest each achieved 100.00%. The 
difference was statistically significant at p = 0.0256; therefore, vibration-
feature discriminability was supported, while Deep MLP superiority was not 
supported. 

Implications – Highly discriminative engineered vibration features can allow 
conventional classifiers to match or exceed deeper neural models with lower 
computational complexity. 

Originality – The study provides a controlled comparison of Deep MLP, 
SVM-RBF, and Random Forest using identical features and repeated 
validation partitions, showing that deep-learning superiority depends on input 
representation and task structure. 
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Introduction 

Industrial rotating machinery is essential to manufacturing, energy production, transportation, 
petrochemical processing, and other continuous industrial operations. Motors, bearings, gearboxes, 
pumps, compressors, turbines, and shaft systems operate under repeated mechanical loads and are 
therefore exposed to gradual deterioration. Unexpected component failure can interrupt 
production, increase maintenance expenditure, reduce equipment availability, and create 
operational risks. Das et al. (2023) explain that data-driven fault analysis has become increasingly 
important because complex machinery faults cannot always be detected reliably through manual 
inspection or predefined diagnostic rules. Vibration monitoring is particularly useful because 
changes in mechanical condition produce measurable changes in dynamic responses. Bagri et al. 
(2024) identified vibration analysis as one of the central approaches for intelligent diagnosis and 
prognosis of rotating machinery. Deep learning has further expanded this capability by allowing 
complex relationships between monitoring signals and equipment conditions to be learned 
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automatically. Ali et al. (2024) showed that deep learning-based condition monitoring can provide 
a technical basis for predictive maintenance of rotational machinery. 

The need for reliable fault diagnosis is increasingly relevant as industrial systems adopt 
automated and data-driven maintenance practices. Conventional corrective maintenance responds 
after failure has occurred, while scheduled preventive maintenance may replace components that 
remain functional. Predictive maintenance instead uses condition information to identify 
deterioration before failure becomes critical. Atmaji et al. (2025) demonstrated that changes in shaft 
misalignment can be identified from vibration characteristics using machine-learning and deep-
learning techniques. Industrial applications also involve a substantial imbalance between normal 
operating observations and actual fault records. Anshori and Dhini (2025) addressed this issue in 
rotating machinery within a petrochemical setting and demonstrated the potential of artificial 
intelligence for detecting abnormal equipment states. Vibration information collected from 
different machine positions can also support fault identification under varying dynamic conditions. 
Almutairi et al. (2024) found that combining vibration information can reduce redundant 
parameters while maintaining fault-sensitive characteristics. These developments indicate that 
automated vibration diagnosis can strengthen condition-based maintenance decisions. 

Vibration signals contain physical information related to mechanical interaction within rotating 
components. Localized bearing defects, imbalance, misalignment, and gear damage can change 
amplitude, impulsiveness, periodicity, spectral energy, and statistical distributions. Li and Bai (2024) 
emphasize that vibration-based bearing diagnosis generally includes signal preprocessing, fault-
feature extraction, and condition identification. Time-domain characteristics such as root mean 
square, standard deviation, kurtosis, skewness, crest factor, and peak amplitude provide compact 
numerical representations of dynamic behavior. Jiang et al. (2024a) showed that signal-processing 
features can support machine-learning models for mechanical fault diagnosis and prediction. Time-
frequency methods provide another representation when signal characteristics are non-stationary. 
Zhang and Deng (2023) demonstrated that Short-Time Fourier Transform can expose bearing-
fault patterns that can subsequently be learned by convolutional networks. Nevertheless, time-
domain features remain attractive when the objective is computationally efficient diagnosis using 
compact and interpretable variables. 

Deep learning reduces the dependence on fixed diagnostic thresholds because nonlinear 
relationships among vibration characteristics can be learned directly from training data. Su et al. 
(2024a) identified convolutional neural networks, recurrent networks, autoencoders, transfer 
learning, and Transformer architectures as major developments in rotating-machinery diagnosis. 
Hybrid architectures can combine complementary feature-learning mechanisms. Song et al. (2024) 
integrated convolutional and bidirectional temporal learning to improve bearing diagnosis under 
multiple working conditions and limited training samples. Attention-based methods further extend 
this capability by assigning different weights to diagnostically important information. Zhang et al. 
(2024b) demonstrated that Transformer-based processing can capture complex dependencies in 
vibration time series. However, increasingly sophisticated models do not automatically provide 
superior performance when the input variables already contain strongly discriminative fault 
information. 

This issue is important because high benchmark accuracy can conceal limitations in 
generalization and model selection. Matania et al. (2024) found a persistent gap between high-
performing laboratory fault-diagnosis models and the requirements of critical rotating machinery 
in actual industrial environments. Class imbalance can also distort performance interpretation when 
models achieve high overall accuracy but perform poorly on less frequent fault categories. Prawin 
(2025) showed that bearing-diagnosis performance changes substantially under imbalanced-data 
conditions and that macro-level evaluation is important for assessing stability. Operational variation 
introduces another challenge because signals recorded at different speeds, loads, or machines may 
follow different distributions. Rezazadeh et al. (2025) demonstrated that domain adaptation can 
improve rotor fault diagnosis across operational variability. These findings suggest that model 
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evaluation should consider not only classification accuracy but also class-balanced performance 
and validation stability. 

Another unresolved question concerns whether complex deep architectures are always 
necessary for vibration-based fault diagnosis. Kibrete et al. (2025) reported strong performance 
from a hybrid CNN-LSTM architecture, illustrating the effectiveness of automated spatial and 
temporal feature learning. However, conventional machine-learning algorithms can remain 
competitive when fault-sensitive features have already been extracted. Nguyen et al. (2025) showed 
that performance differences among machine-learning and deep-learning methods depend strongly 
on the selected input representation and diagnostic task. Time-domain feature analysis also 
provides a computationally efficient basis for neural classification. Jorge et al. (2024) demonstrated 
that an MLP can identify multiple rotating-machine faults using features such as RMS, variance, 
standard deviation, peak-to-peak amplitude, and shape factor. The empirical question is therefore 
not simply whether deep learning works, but whether a deeper nonlinear classifier provides a 
measurable advantage over established machine-learning alternatives when all models receive the 
same vibration features. 

Based on this gap, the present study evaluates fault diagnosis using a Deep Multilayer Perceptron 
applied to time-domain vibration features derived from the Case Western Reserve University 
bearing dataset. The model is compared directly with Support Vector Machine using a radial basis 
function kernel and Random Forest under identical validation partitions. The analysis focuses on 
four bearing conditions: Normal, Ball Fault, Inner Race Fault, and Outer Race Fault. Classification 
performance is evaluated using accuracy, macro precision, macro recall, macro F1-score, 
confidence intervals, and repeated cross-validation. This design addresses two research questions: 
RQ1: To what extent can time-domain vibration features discriminate normal and faulty bearing 
conditions using a Deep MLP model? RQ2: Does Deep MLP provide significantly better 
diagnostic performance than SVM-RBF and Random Forest under an identical feature and 
validation framework? The resulting evidence positions fault classification as an empirical 
diagnostic layer that can support broader predictive-maintenance systems rather than treating 
classification accuracy alone as a complete maintenance solution. 

Literature Review 

Deep Learning for Rotating Machinery Fault Diagnosis 

The development of intelligent fault diagnosis reflects a transition from manually defined 
diagnostic rules toward models that learn nonlinear patterns from condition-monitoring data. Deep 
learning is particularly useful when interactions among features cannot be represented adequately 
by simple linear boundaries. Wang et al. (2023) demonstrated that bearing fault information can be 
modeled through graph formulation and graph convolution, illustrating that diagnostic 
relationships extend beyond individual vibration measurements. Graph-based methods can capture 
relationships among observations or features and therefore provide an alternative to conventional 
Euclidean neural structures. 

Attention mechanisms have further improved the ability of diagnostic networks to emphasize 
important information. Ma et al. (2024) developed a self-attention Legendre graph convolutional 
network for rotating-machinery fault diagnosis and reported improved adaptability across 
operating conditions. Multi-scale representations provide another mechanism for capturing fault 
information that appears at different structural resolutions. Wei et al. (2024) introduced a multi-
scale graph Transformer and demonstrated that combining graph structure with self-attention can 
improve rolling-bearing diagnosis. These approaches show that modern diagnostic research 
increasingly focuses on the quality of representation rather than only increasing network depth. 

Limited training data remain a major challenge for complex deep networks. Jiang et al. (2024b) 
developed a dynamic-edge graph convolution approach to improve diagnosis under few-shot 
conditions. Their findings indicate that adaptive feature relationships can reduce some of the 
limitations created by small fault datasets. Cross-domain variability creates another challenge 
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because fault patterns can change as severity or operating condition changes. Gao et al. (2025) 
proposed a Transformer-based framework for rotating machinery with varying damage degrees 
and demonstrated the importance of multidomain feature integration. 

Hybrid CNN and attention structures are also increasingly used for bearing diagnosis. Hu (2025) 
combined CNN-based local feature extraction with Transformer-based global learning to improve 
classification under different public datasets. Temporal dependency remains relevant because 
vibration characteristics evolve sequentially rather than appearing as isolated measurements. Yang 
et al. (2025) integrated CNN, BiLSTM, and multi-head self-attention for rotor-motor bearing 
diagnosis and reported strong classification performance under variable speeds. These studies 
establish the effectiveness of advanced deep architectures but also highlight their increased 
computational and methodological complexity. 

Vibration Features for Bearing Condition Monitoring 

The quality of fault classification depends on the information represented by the input variables. 
Single-sensor vibration observations may contain incomplete information, especially when the 
propagation path between a fault and a sensor changes. Xie et al. (2023) showed that multi-sensor 
spatiotemporal representations can improve gearbox fault diagnosis by combining complementary 
vibration information. Even when a single sensing channel is used, signal representation strongly 
affects classification because different features emphasize different aspects of mechanical behavior. 

Statistical time-domain features offer a compact way to quantify vibration behavior. RMS 
reflects overall vibration energy, standard deviation describes variability, kurtosis is sensitive to 
impulsive characteristics, and crest factor relates peak magnitude to RMS level. Zhang et al. (2023) 
demonstrated that transforming vibration characteristics into structured representations can 
improve gearbox classification. Zhang et al. (2024a) similarly showed that visual and attention-
enhanced representations can highlight diagnostically important bearing information. These 
findings do not eliminate the relevance of statistical features. Instead, they indicate that feature 
representation should match the complexity of the diagnostic task. 

Signal decomposition is useful when mechanical responses contain overlapping or non-
stationary components. Dong et al. (2024) combined empirical wavelet transformation with an 
attention-enhanced convolutional network to extract bearing-fault information. Multi-scale 
processing can also capture information that occurs at different temporal resolutions. Kang et al. 
(2023) demonstrated that multi-scale convolution improves feature extraction for rotating 
machinery operating under complex conditions. These methods are particularly relevant when raw 
signals must be processed automatically. 

Noise can substantially reduce the visibility of fault-sensitive patterns. Li et al. (2025) developed 
a Transformer-based diagnostic approach designed for strong-noise conditions and showed that 
robust feature learning remains necessary when signal quality declines. Load variation can produce 
a similar distribution change because vibration amplitude and frequency composition depend on 
operating conditions. Ahsan et al. (2025) found that diagnostic accuracy differed across load levels 
even when the same hybrid architecture was used. Consequently, operating conditions should be 
considered when generalizing results from controlled vibration datasets. 

The current study uses engineered time-domain features rather than raw vibration waveforms. 
This design provides a direct test of whether a Deep MLP can learn nonlinear class boundaries 
from a low-dimensional feature space. The approach also permits a fair comparison with SVM and 
Random Forest because all models receive exactly the same variables. This distinction is important 
because performance differences can otherwise reflect different preprocessing pipelines rather than 
differences in classifier capability. 

Machine Learning, Deep Learning, and Predictive Maintenance 

Fault classification represents one layer of predictive maintenance. A broader predictive-
maintenance system can combine detection, diagnosis, degradation assessment, and remaining 
useful life estimation. Tran et al. (2024) demonstrated that multiple vibration representations can 
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be integrated within a deep architecture for remaining useful life prediction. Such prognostic 
methods extend beyond classification because they estimate how long a component can continue 
operating before intervention is required. 

Accurate diagnosis remains necessary before reliable prognostic decisions can be made. Mayo 
et al. (2024) showed that vibration-based deep learning can distinguish healthy and faulty gearbox 
conditions with strong accuracy. Limited fault data, however, can make severity classification more 
difficult. Mrabti et al. (2025) addressed this issue through a VMD-LSTM framework designed for 
fault detection and severity classification under limited-data conditions. 

Explainability and efficient deployment are becoming increasingly important as diagnostic 
models move closer to industrial implementation. Jweri et al. (2025) combined signal 
transformation with an alternative neural architecture and emphasized the relevance of 
interpretable fault diagnosis for predictive maintenance. Hybrid decomposition and attention 
mechanisms provide another route for improving fault representation. Wang et al. (2025) 
combined variational mode decomposition, CNN, and Transformer components to improve 
rolling-bearing classification. 

Industrial models must also respond to changing operating conditions. Su et al. (2024b) used 
multi-feature extraction and transfer learning to diagnose rotating machinery under variable 
operating conditions. Their work demonstrates that feature-based models and deep transfer 
mechanisms can complement one another when the source and target distributions differ. The 
implication is that neither engineered features nor deep representation learning should be treated 
as universally superior. Their value depends on data structure, operating variability, computational 
constraints, and the purpose of the maintenance system. 

Research Gap and Study Positioning 

Existing research provides strong evidence that deep learning can classify rotating-machinery 
faults accurately, but much of the literature focuses on increasingly complex CNN, recurrent, 
Transformer, or graph architectures. This emphasis can obscure an important practical question: 
whether complex feature learning remains necessary once fault-sensitive statistical variables have 
already been extracted. Siavash-Abkenari et al. (2024) showed that statistical analysis can be 
integrated effectively with deep learning for bearing condition monitoring. Their findings support 
a diagnostic framework in which statistical information and neural classification are complementary 
rather than mutually exclusive. 

A second gap concerns fair model comparison. Different studies often compare algorithms 
using different preprocessing, input representations, or data partitions, making it difficult to 
determine whether performance differences arise from the classifier itself. Liu et al. (2024) showed 
that distribution shifts across conditions and machines complicate direct interpretation of 
diagnostic performance. A controlled comparison should therefore keep the input representation 
and validation partitions constant across competing models. 

The present study addresses these gaps by providing Deep MLP, SVM-RBF, and Random 
Forest with the same nine time-domain vibration features and evaluating them across identical 
repeated stratified folds. The study does not assume that deep learning must outperform 
conventional methods. Instead, it empirically tests that expectation. This positioning is important 
because a simpler classifier may be preferable when it achieves equal or better performance using 
fewer computational resources. The resulting analysis contributes to predictive-maintenance 
research by identifying the circumstances under which a deep nonlinear classifier provides, or fails 
to provide, an advantage after feature engineering has already been performed. 

Hypothesis Development 

Time-domain vibration features summarize mechanical behavior into variables that can 
distinguish machine states. RMS captures changes in vibration energy, while standard deviation 
represents signal dispersion. Kurtosis is sensitive to impulsive events that can emerge from 
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localized bearing damage. Crest factor provides additional information about the relationship 
between signal peaks and overall vibration magnitude. Jorge et al. (2024) demonstrated that these 
types of time-domain parameters can support MLP-based multi-fault classification in rotating 
systems. Almutairi et al. (2024) also showed that vibration-derived parameters retain diagnostic 
information across different machine conditions. 

The selected CWRU-derived feature space contains nine statistical characteristics that represent 
amplitude, variability, impulsiveness, and waveform structure. A nonlinear neural classifier should 
therefore be able to learn boundaries between Normal, Ball Fault, Inner Race Fault, and Outer 
Race Fault observations. The first hypothesis is formulated as follows: 

H1: Time-domain vibration features provide sufficient discriminative information for 
the Deep MLP model to classify normal and faulty bearing conditions with high 
diagnostic performance. 

Deep MLP introduces multiple nonlinear transformations between input variables and output 
classes. This structure can theoretically represent complex relationships that conventional 
classifiers may not capture with equivalent flexibility. Siavash-Abkenari et al. (2024) showed that 
deep learning can complement statistical bearing-condition information. Su et al. (2024a) similarly 
observed that deep architectures have become important because of their capacity to learn complex 
diagnostic mappings. 

However, conventional machine-learning algorithms remain strong competitors when input 
features are already highly discriminative. Nguyen et al. (2025) demonstrated that the relative 
performance of machine-learning and deep-learning models varies according to dataset and 
representation. Random Forest can form nonlinear ensemble decision boundaries without neural 
optimization, whereas an RBF-based SVM can separate complex classes through kernel mapping. 
The empirical comparison is therefore necessary rather than assuming that network depth 
automatically produces superior diagnosis. 

Based on the theoretical flexibility of multilayer neural learning, the second hypothesis proposes 
an expected performance advantage for Deep MLP: 

H2: The Deep MLP model achieves significantly higher fault-diagnosis performance 
than SVM-RBF and Random Forest when the models are evaluated using identical 
time-domain vibration features and validation partitions. 

H1 and H2 address different questions. H1 evaluates the diagnostic adequacy of vibration 
features when processed by Deep MLP. H2 evaluates comparative model superiority. A high Deep 
MLP accuracy therefore does not automatically support H2. The second hypothesis is supported 
only if the neural model significantly exceeds the conventional baselines under the same evaluation 
procedure. 

Research Methods 

Research Design and Dataset 

This study employed a quantitative experimental benchmark design. The analysis used a CWRU-
derived bearing vibration feature dataset originating from the Case Western Reserve University 
Bearing Data Center. The final analytical dataset represented a 0.007-inch bearing fault 
configuration at a motor load of 1 hp. Four classes were included: Normal, Ball Fault, Inner Race 
Fault, and Outer Race Fault. 

A balanced sample of 128 observations was analyzed, consisting of 32 observations per class. 
Equal class representation was retained to prevent overall accuracy from being dominated by one 
machine condition. Nine time-domain vibration features were used: maximum amplitude, 
minimum amplitude, mean, standard deviation, RMS, skewness, kurtosis, crest factor, and form 
factor. The use of these statistical indicators is consistent with feature-based rotating-machinery 
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diagnosis, where vibration characteristics provide compact information on mechanical condition 
(Jorge et al., 2024). 

Data Preprocessing 

All nine input variables were inspected for missing and invalid values before model training. 
Numerical standardization was performed for algorithms sensitive to feature scale. The 
standardized value of observation i for feature j was calculated as: 

𝑧𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗

𝜎𝑗
 

(1) 

where xᵢⱼ represents the original value, μⱼ is the mean of feature j calculated from the training 

data, and σⱼ is its training-data standard deviation. Parameters estimated from the test observations 
were not used during preprocessing. 

The data were initially divided using a stratified 75:25 training-test split with random seed 42. 
This produced 96 training observations and 32 held-out testing observations. The fixed split 
provided an initial diagnostic assessment, while repeated cross-validation was used as the primary 
performance evaluation because it provides a more stable estimate across multiple data partitions. 

Classification Models 

The principal deep learning model was a Deep Multilayer Perceptron with nine input neurons, 
followed by hidden layers containing 64, 32, and 16 neurons. ReLU activation was used in the 
hidden layers, while the output layer contained four neurons corresponding to the four bearing 
conditions. The architecture can be summarized as 9 → 64 → 32 → 16 → 4. 

The output probabilities were generated using the Softmax function: 

𝑃(𝑦 = 𝑘 ∣ 𝐱) =
𝑒𝑎𝑘

∑ 𝑒𝑎𝑗𝐾
𝑗=1

 

(2) 

where aₖ is the output score for class k, and K = 4 is the number of machine-condition classes. 
Categorical cross-entropy was used as the classification loss: 

ℒ = −
1

𝑁
∑∑𝑦𝑖𝑘

𝐾

𝑘=1

𝑁

𝑖=1

ln(𝑝̂𝑖𝑘) 

(3) 

where N is the number of observations, yᵢₖ is the true class indicator, and p̂ᵢₖ is the predicted 
probability for observation i in class k. 

Two conventional classifiers were included as benchmarks. SVM used the radial basis function 
kernel to model nonlinear class boundaries. Random Forest used an ensemble of 500 decision 
trees. The same feature variables and validation partitions were applied to all three models to ensure 
that model comparisons were not confounded by different data inputs. 

Validation Procedure 

Repeated Stratified 5-Fold Cross-Validation was used as the primary model-evaluation 
procedure. Five folds were repeated 10 times, generating 50 evaluation folds for each classifier. 
Stratification maintained the distribution of the four machine-condition classes within each fold. 
Preprocessing parameters were estimated from the training portion of each fold and applied to the 
corresponding validation portion to minimize information leakage. 

Repeated cross-validation was selected because performance estimated from one train-test 
partition can be unstable in a relatively small dataset. The procedure provides a distribution of 
performance scores rather than a single accuracy value. Prawin (2025) emphasizes the importance 
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of evaluating diagnostic stability rather than relying exclusively on overall accuracy, particularly 
when assessing fault-classification systems. 

Performance Metrics 

Model performance was evaluated using accuracy, macro precision, macro recall, macro F1-
score, and confusion matrices. Multiclass accuracy was calculated as: 

Accuracy =
1

𝑁
∑𝕀

𝑁

𝑖=1

(𝑦𝑖 = 𝑦̂𝑖) 

(4) 

where N is the total number of observations and I(·) equals 1 when the predicted class is correct 
and 0 otherwise. For class k, precision was calculated as: 

Precision𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑃𝑘
 

(5) 

Recall was calculated as: 

Recall𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑁𝑘
 

(6) 

The class-specific F1-score was calculated as: 

𝐹1𝑘 = 2
Precision𝑘 × Recall𝑘
Precision𝑘 + Recall𝑘

 

(7) 

Macro F1-score assigned equal importance to every class: 

Macro-F1 =
1

𝐾
∑𝐹

𝐾

𝑘=1

1𝑘 

(8) 

where K = 4. Macro averaging was selected because it prevents strong performance in one class 
from dominating interpretation of the overall diagnostic result. 

Statistical Analysis 

Descriptive statistics were first used to examine differences among vibration characteristics 
across the four bearing conditions. Model performance was then summarized as the mean and 
standard deviation across the 50 repeated cross-validation folds. A 95% confidence interval was 
calculated for the mean performance of the Deep MLP. 

H1 was evaluated using Deep MLP accuracy, macro precision, macro recall, macro F1-score, 
and cross-validation stability. H2 was evaluated by comparing paired macro F1-scores obtained 
from identical folds for Deep MLP, SVM-RBF, and Random Forest. 

Because several performance scores approached the upper boundary of 1.00 and the paired 
differences did not satisfy a conventional normal-distribution assumption, the Wilcoxon signed-
rank test was used for pairwise model comparison. Statistical significance was established at α = 
0.05, and a result was considered statistically significant when p < 0.05. All analyses were conducted 
using a consistent computational environment and fixed randomization settings to improve 
reproducibility. 
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Results and Discussion 

Characteristics of the Vibration Data 

The analysis used vibration-derived features from the Case Western Reserve University bearing 
dataset. Four operating conditions were evaluated: Normal, Ball Fault, Inner Race Fault, and Outer 
Race Fault. The fault classes represented a defect diameter of 0.007 inch at a motor load of 1 hp. 
The analytical dataset contained 128 balanced observations, with 32 observations assigned to each 
machine condition. 

Nine time-domain vibration characteristics were analyzed, including maximum amplitude, 
minimum amplitude, mean, standard deviation, RMS, skewness, kurtosis, crest factor, and form 
factor. Descriptive analysis showed clear differences in vibration intensity among the four 
conditions. Outer Race Fault generated the largest RMS and standard deviation, whereas the 
normal condition produced the lowest vibration magnitude. Table 1 summarizes the principal 
descriptive statistics. 

Table 1. Descriptive Statistics of the Main Vibration Features 

Machine Condition Mean SD Mean RMS Mean Kurtosis 
Mean Crest 

Factor 

Normal 0.0647 0.0656 -0.1257 2.9986 

Ball Fault 0.1378 0.1391 0.0043 3.2577 

Inner Race Fault 0.2800 0.2808 4.4253 5.1541 

Outer Race Fault 1.0598 1.0597 3.8034 4.5408 

Source: Authors' analysis. 

The increase in RMS from 0.0656 under normal conditions to 1.0597 under Outer Race Fault 
indicates substantial differences in vibration energy. Inner Race Fault also produced higher kurtosis 
than the other classes, suggesting stronger impulsive behavior. These variations provide a physical 
basis for the subsequent classification analysis. Su et al. (2024a) similarly explain that changes in 
vibration amplitude and statistical structure are useful indicators for data-driven fault diagnosis. 

Deep Learning Classification Performance 

The Deep MLP was trained using standardized vibration features. The architecture consisted of 
three hidden layers with 64, 32, and 16 neurons, respectively. The data were initially divided using 
a stratified training-test procedure to preserve the proportion of each fault class. 

On the fixed test partition, the model correctly classified all test observations. However, this 
result was not treated as the main indicator of model performance because a single partition can 
produce an optimistic estimate when classes are strongly separable. Therefore, repeated stratified 
cross-validation was used as the principal evaluation procedure. 

The repeated 5-fold cross-validation with 10 repetitions produced a mean classification accuracy 
of 99.53% and a mean macro F1-score of 99.53%. The standard deviation of accuracy was 1.28 
percentage points, indicating limited but observable variation among the evaluation folds. Table 2 
reports the complete Deep MLP performance summary. 

Table 2. Deep MLP Classification Performance 

Evaluation Metric Result 

Mean Accuracy 99.53% 

SD of Accuracy 1.28% 

Mean Macro Precision 99.60% 

Mean Macro Recall 99.52% 

Mean Macro F1-score 99.53% 
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Evaluation Metric Result 

SD of Macro F1-score 1.30% 

95% CI of Mean Accuracy 99.17%-99.90% 

Source: Authors' analysis based on repeated stratified 5-fold cross-validation. 

The model achieved perfect classification in 44 of the 50 evaluation folds. In six folds, accuracy 
decreased to approximately 96%. The presence of these errors is important because it shows that 
the classes were highly separable but not perfectly distinguishable under every resampling 
condition. The finding supports H1, which proposed that vibration information contains 
discriminative characteristics that allow machine conditions to be classified using deep learning. 
Nevertheless, the result should be interpreted within the characteristics of the dataset. Matania et 
al. (2024) caution that diagnostic accuracy obtained from controlled benchmark datasets may be 
substantially higher than performance obtained from naturally developing industrial faults. 

Comparison with Conventional Machine-Learning Models 

The Deep MLP was compared with Support Vector Machine using a radial basis function kernel 
and Random Forest. The same data partitions were used for all models to provide a consistent 
evaluation. Table 3 shows that Deep MLP performed extremely well but did not exceed the 
conventional classifiers. 

Table 3. Comparison of Classification Models 

Model Mean Accuracy (%) Mean Macro F1-score (%) 

Deep MLP 99.53 99.53 

SVM-RBF 100.00 100.00 

Random Forest 100.00 100.00 

Source: Authors' analysis based on repeated stratified 5-fold cross-validation. 

The difference between Deep MLP and the two benchmark models was approximately 0.47 
percentage points in macro F1-score. A Wilcoxon signed-rank comparison produced p = 0.0256 
for Deep MLP versus SVM-RBF and the same probability value for Deep MLP versus Random 
Forest. Table 4 summarizes the paired statistical comparison. 

Table 4. Statistical Comparison of Model Performance 

Comparison Difference in Macro F1 p-value Decision 

Deep MLP vs. SVM-RBF -0.47 percentage points 0.0256 Significant 

Deep MLP vs. Random Forest -0.47 percentage points 0.0256 Significant 

Source: Authors' analysis. 

Based on these results, H2 was not supported. Deep learning did not significantly outperform 
the conventional machine-learning models. Instead, SVM-RBF and Random Forest produced 
slightly stronger performance. This finding provides a useful practical interpretation. Deep learning 
does not automatically outperform conventional algorithms when the input already consists of 
highly discriminative engineered features. Nguyen et al. (2025) also showed that the relative 
performance of machine-learning and deep-learning approaches depends strongly on the 
characteristics of the vibration representation. 

The performance difference was nevertheless small. The Deep MLP macro F1-score of 99.53% 
was only 0.47 percentage points lower than the best classifiers. Therefore, the result does not 
indicate poor deep-learning performance. Rather, it indicates that additional model complexity 
provided no measurable advantage for the selected feature-based dataset. 

Classification Stability 

The repeated cross-validation results provide a more realistic assessment than the single test 
split. Although the Deep MLP obtained perfect classification on the initial held-out observations, 



Deep Learning Based Fault Diagnosis for Predictive Maintenance of Industrial Rotating Machinery Using 
Vibration Signals 103 

its performance varied slightly across repeated partitions. Table 5 summarizes this stability across 
all 50 evaluation folds. 

Table 5. Stability of Deep MLP across 50 Evaluation Folds 

Performance Category Number of Folds Percentage of Folds 

100% accuracy 44 88.0% 

Approximately 96% accuracy 6 12.0% 

Below 95% accuracy 0 0.0% 

Total 50 100.0% 

Source: Authors' analysis. 

The model achieved perfect classification in 88% of evaluation folds, while small classification 
errors appeared in 12% of folds. No fold produced accuracy below 95%. This pattern indicates 
high diagnostic stability while avoiding the assumption that the model will always classify every 
observation correctly. The small variation across folds may result from borderline observations 
whose statistical vibration characteristics overlap between fault conditions. More detailed 
frequency or time-frequency information may improve separation for these difficult observations. 

Interpretation for Predictive Maintenance 

The results indicate that vibration-derived statistical characteristics provide sufficient 
information for reliable diagnosis under the tested condition. The mean repeated-validation 
accuracy of 99.53% suggests that the Deep MLP can identify bearing conditions consistently when 
operating conditions are similar to those represented during training. 

However, predictive maintenance requires more than high classification accuracy. Industrial 
machinery operates under variations in load, rotational speed, temperature, structural vibration, 
and sensor noise. A model that performs strongly under one controlled operating condition may 
experience performance degradation when the data distribution changes. Liu et al. (2024) 
demonstrated that domain differences can substantially influence rotating-machinery fault 
diagnosis, which explains the increasing use of domain-adaptation methods. 

The current finding should therefore be interpreted as evidence of fault discriminability under 
a controlled operating condition, rather than proof of universal industrial robustness. This 
distinction makes the result more relevant to practical predictive maintenance because it establishes 
what the model can reliably achieve while acknowledging what has not yet been tested. 

Hypothesis Evaluation 

The final hypothesis evaluation is presented in Table 6. The results clearly distinguish the ability 
of vibration features to support accurate diagnosis from the separate question of whether Deep 
MLP is superior to conventional classifiers. 

Table 6. Summary of Hypothesis Testing 

Hypothesis Main Evidence Decision 

H1: Vibration features enable effective 
classification of normal and faulty bearing 

conditions 

Accuracy = 99.53%; Macro F1 = 99.53%; 95% 
CI = 99.17%-99.90% 

Supported 

H2: Deep MLP outperforms SVM-RBF 
and Random Forest 

Deep MLP = 99.53%; SVM-RBF = 100%; RF = 
100%; p = 0.0256 

Not Supported 

Source: Authors' analysis. 

The rejection of H2 is an important finding rather than a weakness of the study. It demonstrates 
that model complexity should be matched to the structure of the input data. When fault-sensitive 
statistical features already provide strong class separation, conventional machine-learning 
algorithms may achieve comparable or slightly superior performance at lower computational cost. 
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Discussion 

The results demonstrate that vibration-based fault diagnosis can achieve highly reliable 
classification when fault-sensitive information is clearly represented in the input features. The Deep 
MLP achieved a mean macro F1-score of 99.53%, confirming that nonlinear neural learning can 
effectively separate Normal, Ball Fault, Inner Race Fault, and Outer Race Fault conditions. The 
repeated cross-validation procedure provides stronger evidence than a single train-test split because 
model performance was evaluated across 50 different partitions. 

At the same time, the findings challenge the assumption that deep learning must always 
outperform conventional machine learning. Both SVM-RBF and Random Forest reached perfect 
repeated-validation performance, whereas Deep MLP exhibited a small number of classification 
errors. This finding can be explained by the nature of the input. Statistical features such as RMS 
and standard deviation already provided substantial separation among the fault conditions. 
Consequently, sophisticated hierarchical feature learning offered limited additional benefit. 

The descriptive findings reinforce this interpretation. Mean RMS increased from 0.0656 for 
Normal operation to 0.1391 for Ball Fault, 0.2808 for Inner Race Fault, and 1.0597 for Outer Race 
Fault. Such pronounced differences allow relatively simple nonlinear decision boundaries to 
distinguish the classes. Deep learning becomes more valuable when the input consists of raw high-
dimensional signals for which discriminative representations must be learned automatically. 

The findings have practical implications for predictive maintenance. An industrial diagnostic 
system should use the simplest model capable of achieving the required sensitivity and reliability. 
A deep model may be appropriate when raw signals, multiple sensors, or complex operating 
environments are involved. Conversely, Random Forest or SVM can remain attractive when 
reliable statistical features have already been extracted because they require fewer computational 
resources and are easier to deploy. 

Several limitations should be recognized. The current analysis uses a controlled CWRU-derived 
dataset and one operating load. The faults were experimentally introduced and therefore may be 
easier to distinguish than naturally developing industrial degradation. In addition, the analysis used 
time-domain features rather than the complete raw vibration waveform. The results should 
consequently not be generalized directly to all industrial rotating machinery. Future experiments 
should extend the analysis across multiple load and speed conditions, incorporate realistic noise, 
and compare raw time-domain signals with STFT or wavelet representations. Cross-load testing is 
especially important because it prevents models from relying on operating-condition-specific 
patterns. 

Conclusion 

This study evaluated vibration-based bearing fault diagnosis using nine time-domain statistical 
features and compared the performance of Deep MLP, SVM-RBF, and Random Forest under 
identical validation procedures. The Deep MLP achieved a mean accuracy and macro F1-score of 
99.53% across repeated stratified 5-fold cross-validation, confirming that the selected vibration 
features provide strong discriminative information for distinguishing Normal, Ball Fault, Inner 
Race Fault, and Outer Race Fault conditions. Accordingly, H1 was supported. However, SVM-
RBF and Random Forest both achieved 100.00% mean accuracy and macro F1-score, while the 
comparison with Deep MLP produced p = 0.0256. Therefore, H2 was not supported. These 
findings indicate that deep learning does not automatically outperform conventional machine-
learning methods when the input already contains highly discriminative engineered vibration 
features. 

The results have practical implications for predictive maintenance because model selection 
should consider diagnostic reliability, computational complexity, and the characteristics of available 
sensor data rather than model sophistication alone. SVM-RBF and Random Forest provide 
efficient alternatives for feature-based diagnosis, whereas deep learning may offer greater value 
when models must learn representations directly from raw, high-dimensional, or multi-sensor 
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vibration signals. The study is limited to a controlled CWRU-derived dataset, one operating load, 
and experimentally introduced bearing faults. Future research should therefore evaluate cross-load 
and cross-speed generalization, realistic noise conditions, naturally developing industrial faults, 
raw-signal and time-frequency representations, multi-sensor fusion, and remaining useful life 
estimation to strengthen the transition from fault classification toward comprehensive predictive-
maintenance systems. 
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