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Abstract - The study focuses on diagnosing bearing faults 

using envelope analysis combined with machine learning 

approaches to enhance accuracy. It emphasizes extracting 

fault-related features from vibration signals and training 

models for reliable classification. This method ensures early 

detection, reduces downtime, and improves machine health 

monitoring. 
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1. INTRODUCTION 

 
Bearings are essential components in rotating machinery, and 

early fault detection is important to prevent failure, downtime, 

and high maintenance costs. Traditional vibration-based 

diagnostic methods often struggle due to weak or noisy signals. 

Envelope analysis helps extract fault-related frequencies, 

improving the ability to detect early-stage defects. However, 

interpreting these features manually can be challenging. 

To overcome this, machine learning techniques are 

increasingly being used to automatically recognize patterns 

and classify bearing faults. Studies, including those using the 

CWRU dataset, show that combining envelope analysis with 

machine learning significantly improves detection accuracy. 

Advanced methods such as CNNs, transfer learning, and multi- 

sensor fusion further enhance performance, even under varying 

operating conditions. 

Overall, integrating envelope analysis with machine learning 

provides a reliable, automated, and scalable approach for 

predictive maintenance. This improves efficiency, reduces 

unexpected failures, and supports modern intelligent 

monitoring systems in industry. 

 

2. LITERATURE REVIEW 

 
Bearing fault detection is essential for reliable industrial 
machinery, and envelope analysis has proven effective for 
extracting fault-related vibration features. With advancements 

in Industry 4.0, machine learning methods such as SVM, 
Random Forest, and Neural Networks are increasingly used to 
automatically classify bearing conditions. Research shows that 
combining envelope analysis with machine learning improves 
accuracy, reduces manual effort, and enables scalable 
predictive maintenance. Recent developments also include 

deep learning approaches for better performance under varying 
operating conditions. 

3. METHODOLOGY 

 
The below figure 2.1 explains the block diagram of 

Integrating Envelope Analysis with Industrial Machine 

Learning for Bearing Fault Detection. 

 

Fig 2.1: Block Diagram of Bearing Fault Detection 

 

 

A. Raw Data 

The diagnostic process starts with the collection of raw 

vibration data from rotating machinery bearings using 

advanced sensors such as accelerometers. These sensors are 

strategically mounted on the machine to capture even the 

slightest vibrations, which often carry hidden fault signatures. 

The raw data includes both useful information related to 

bearing health and unwanted noise caused by external 

disturbances, imbalance, or misalignment. Since raw data 

forms the foundation of fault diagnosis, it is important to 

acquire it under various machine conditions such as normal 

operation, early fault, and severe fault stages Units. 

 

B. Data Acquisition 

In this stage, the vibration signals obtained from the 

sensors are transferred into a computer system using a data 

acquisition (DAQ) unit. The DAQ system converts analog 

vibration signals into digital form, making them suitable for 

further computational analysis. Proper sampling frequency 

and resolution are chosen during data acquisition to ensure 

that the characteristic fault frequencies are not lost. 

Additionally, data acquisition is carried out continuously or at 

regular intervals to capture the machine’s behavior in different 

operational conditions. This ensures that the dataset is large 

enough to train and validate machine learning models 

effectively. 
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C. Data Pre-processing 

The raw data collected often contains unwanted noise, 

signal distortions, and irrelevant components that can hide the 

true fault information. To overcome this, signal processing 

techniques such as filtering, normalization, detrending, and 

envelope analysis are applied. Envelope analysis is 

particularly effective as it amplifies the faultrelated 

frequencies hidden in the vibration data, making them easier 

to identify. Pre-processing also ensures that the signals are 

standardized and free from inconsistencies, which helps 

improve the accuracy of subsequent feature extraction and 

machine learning tasks. This step essentially cleans and 

prepares the data for meaningful analysis. 

 

D. Feature Engineering 

Feature engineering is one of the most critical steps, where 

the cleaned signals are transformed into a set of representative 

parameters. These features may be statistical measures such as 

root mean square (RMS), kurtosis, skewness, and standard 

deviation, or frequency-based features like fault characteristic 

frequencies of the inner race, outer race, or rolling elements. 

By extracting these features, the complex vibration data is 

simplified into meaningful information that can describe the 

condition of the bearing clearly. Well-designed feature 

engineering not only enhances the efficiency of the machine 

learning model but also improves fault classification accuracy. 

 

E. ML Model Building 

Once the features are extracted, they are used as inputs to 

build machine learning models capable of classifying bearing 

conditions. Popular algorithms include Support Vector 

Machines (SVM), Decision Trees, Random Forests, and 

Neural Networks, which learn patterns from the training data. 

During model building, the system is trained using labeled 

datasets where the condition of the bearing (healthy or faulty) 

is known. The machine learning model automatically learns 

the hidden relationships between features and fault types, 

enabling it to predict the health condition of a bearing with 

high accuracy. Hyperparameter tuning and optimization are 

also performed to enhance model performance. 

 

F. Real-Time Monitoring 

After the model is trained, it is integrated into a real-time 

monitoring system that continuously evaluates the condition 

of the bearings. The vibration signals collected in real-time 

are processed and analyzed instantly by the trained model, 

which then classifies whether the bearing is in a normal, 

degraded, or faulty state. This proactive monitoring system 

helps industries detect faults at an early stage, reduce 

downtime, and prevent unexpected breakdowns. Real-time 

monitoring ensures continuous health assessment of machines 

and provides a foundation for predictive maintenance 

strategies. 

 

G. Testing and Validation 

The final step involves testing and validating the developed 

machine learning model to assess its accuracy, robustness, and 

reliability. Testing is carried out using unseen data that was 

not used during training, ensuring that the model generalizes 

well to new conditions. Validation techniques such as cross- 

validation are employed to minimize overfitting and improve 

model trustworthiness. Performance metrics like accuracy, 

precision, recall, and F1- score are calculated to evaluate how 

well the system detects bearing faults. This stage ensures that the 

diagnostic system is ready for practical industrial implementation 

and can reliably support maintenance decisions. This step ensures 

that the diagnostic system is capable of handling continuous data 

streams, computational delays, and unexpected noise. 

 

3. RESULTS 

 

The results of “Diagnosis of Bearing Fault Based on Envelope 

Analysis and Machine Learning Approaches” show that envelope 

analysis effectively extracted fault features, and machine learning 

models achieved high accuracy in classifying different bearing 

faults. The training and validation results indicate good 

generalization with minimal overfitting. Overall, the approach 

proved reliable and suitable for practical industrial fault 

diagnosis. 
 

 

Fig 3.1: Training and Validation Accuracy Graph 

 

The above figure 3.1 shows the training and validation 

accuracy of the model over several epochs. The model's 

training and validation accuracy both start low and steadily 

increase, indicating effective learning. The training 

accuracy reaches nearly 1.0, while the validation accuracy 

stabilizes around 0.9–0.95, showing good generalization. 

The small gap between the two curves suggests minimal 

overfitting, meaning the model is reliable for bearing fault 

detection. 

 

The graph also highlights the model's stability, with the 

validation accuracy curve maintaining a consistent trend 

without sudden drops. This demonstrates that the model is 

learning generalizable features rather than memorizing the 

training data. A validation accuracy plateau around 0.9–

0.95 indicates the model has reached its optimal 

performance. With minimal overfitting, the model is well-

suited for predictive maintenance applications, and 

potential improvements could include fine-tuning 

hyperparameters or adding more representative data. 

https://ijsrem.com/
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The graph also highlights the model's stability, with the 

validation accuracy curve maintaining a consistent trend 

without sudden drops. This demonstrates that the model 

is learning generalizable features rather than 

memorizing the training data. A validation accuracy 

plateau around 0.9–0.95 indicates the model has reached 

its optimal performance. With minimal overfitting, the 

model is well-suited for predictive maintenance 

applications, and potential improvements could include 

fine-tuning hyperparameters or adding more 

representative data. 

 

The above figure 3.2 shows the training and validation 

loss over epochs. The training and validation loss graph 

provides valuable insights into the model's learning 

process. Both losses decrease steadily over epochs, 

indicating that the model is effectively learning from the 

training data. This downward trend in loss values is a 

strong indicator that the model is improving its 

performance over time 

. 

 

Fig 3.2: Training and Validation Loss Graph 

 

A key observation from the graph is the small gap 

between the training and validation losses. This suggests 

that the model is not overfitting significantly to the 

training data, which is a common issue in machine 

learning where models become too specialized to the 

training set and perform poorly on new, unseen data. 

The minimal gap indicates that the model is generalizing 

well. 

 

The training loss approaching near zero is another 

notable aspect of the graph. This shows that the model is 

able to fit the training data very well, which is expected 

given enough training epochs. However, what's more 

important is the behavior of the validation loss, which 

stabilizes at a low value with only minor fluctuations. 

This stability in validation loss suggests that the model 

is consistently performing well on the validation set. 

Overall, the graph suggests that the model is well- 

trained and has good generalization capabilities. The 

steady decrease in both training and validation losses, 

combined with the small gap between them, indicates 

that the model is effectively learning from the data 

without overfitting. This makes it a promising candidate 

for deployment in real-world applications where it can 

reliably make predictions on new, unseen data. 

 

Moving forward, the model's performance could 

potentially be further improved by fine-tuning 

hyperparameters, experimenting with different 

architectures, or incorporating additional training data. 

However, given the current performance, the model 

already demonstrates a strong foundation for accurately 

predicting outcomes based on the input data, making it a 

valuable tool for predictive analytics in its intended 

application. 

 

 

Fig 3.3: Bearing Defect Detection 

 

The above figure 3.3 shows the image comparison 

highlights the stark difference between a damaged 

bearing and a new one. Key observations include severe 

wear and corrosion on the damaged bearing, likely due to 

inadequate lubrication, moisture exposure, or heavy 

loads. The predicted sound of the damaged bearing is 

classified as an anomaly, indicating abnormal noise 

during operation, which could be due to wear, cage 

damage, or other defects. 

 

The contrast between the two bearings emphasizes the 

need for regular maintenance and monitoring to prevent 

damage and extend bearing life. Bearing failure can lead 

to increased downtime, repair costs, and safety risks, 

underscoring the importance of proper care, regular 

inspections, and lubrication. 

 

The visual comparison between the damaged and new 

bearings serves as a powerful reminder of the importance 

of maintaining machinery components. Bearings are 

critical to the smooth operation of machines, and their 

failure can have cascading effects on entire systems. By 

identifying signs of wear and tear early, maintenance 

teams can take corrective action to prevent more severe 

damage and costly repairs. 

https://ijsrem.com/
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In industrial environments, bearings are often subjected 

to harsh conditions, including heavy loads, high speeds, 

and exposure to contaminants. Over time, these 

conditions can lead to wear and degradation, which, if 

left unchecked, can result in bearing failure. Regular 

inspections and maintenance, such as lubrication and 

cleaning, are essential to mitigate these risks and ensure 

the longevity of the bearings. 

 

The classification of the damaged bearing's sound as an 

anomaly underscores the potential of predictive 

maintenance technologies. By leveraging sensors and 

machine learning algorithms to monitor the condition of 

bearings and other critical components, maintenance 

teams can detect issues before they lead to failure. This 

proactive approach not only reduces downtime and 

repair costs but also enhances the overall safety and 

reliability of machinery. 

 

In conclusion, the image comparison between the 

damaged and new bearings highlights the critical 

importance of maintenance and monitoring in 

preventing machinery failures. By adopting a proactive 

approach to maintenance, industries can extend the life 

of their bearings, reduce operational costs, and ensure 

the smooth and safe operation of their machinery. 

Regular inspections, proper lubrication, and the use of 

predictive maintenance technologies are key strategies 

for achieving these goals. 

 

Early detection of anomalies through sound analysis or 

vibration monitoring can help prevent machine failure. 

This approach allows maintenance teams to address 

potential issues before they escalate, reducing the risk of 

unexpected downtime and costly repairs. 

 

The benefits of predictive maintenance are clear, and 

industries can leverage these technologies to improve 

the reliability and efficiency of their operations. Regular 

inspections and maintenance, such as lubrication and 

cleaning, are essential to mitigate these risks and ensure 

the longevity of the bearings. By integrating advanced 

monitoring systems and analytics, companies can move 

towards more proactive and efficient maintenance 

practices. 

 

Overall, the importance of bearing maintenance cannot 

be overstated. It is crucial for ensuring the longevity and 

performance of machinery, reducing operational costs, 

and enhancing safety. By prioritizing regular 

inspections, proper lubrication, and predictive 

maintenance, industries can achieve significant benefits 

in terms of efficiency and reliability. 

 

The adoption of predictive maintenance strategies is a 

step towards Industry 4.0, where smart technologies and 

datadriven decision-making play a crucial role in 

optimizing industrial operations. By embracing these 

advancements, industries can stay competitive and 

achieve operational excellence. 

 

4. CONCLUSIONS 

 
Detecting bearing faults early is essential for preventing 

unexpected machine failures and ensuring efficient industrial 

operation. As bearings play a critical role in smooth rotational 

motion, even minor defects can lead to increased friction, 

heat, and eventual breakdown. Predictive maintenance 

strategies help avoid such issues by enabling proactive 

monitoring. 

Future developments in bearing technology will focus on 

advanced sensing methods, real-time monitoring, and machine 

learning–based predictive algorithms. Innovations such as 

smart bearings with embedded sensors, improved materials, 

and nanotechnology-based self-healing mechanisms are 

expected to enhance durability and reliability. Overall, the 

future of bearing health monitoring lies in intelligent, 

connected, and automated systems that improve efficiency 

and prevent downtime in industrial applications. 
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