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Abstract:  Machine vibration-based health monitoring has emerged as a vital technique for predictive 

maintenance and fault diagnosis in rotating and industrial machinery. This review conducts a detailed 

comparative analysis of recent research papers focusing on vibration signal processing and machine 

learning-based diagnostic models. Studies published between 2017 and 2025 demonstrate a significant 

evolution from traditional signal and frequency domain methods toward data-driven frameworks leveraging 

deep learning (DL), convolutional neural networks (CNN), long short-term memory (LSTM), and transfer 

learning approaches. Benchmark datasets such as the Case Western Reserve University (CWRU) and 

Paderborn datasets remain the primary sources for model evaluation. Despite the impressive accuracy 

achieved by deep models, several challenges persist, including handling noisy sensor data, ensuring model 

generalization in varying operational conditions, and achieving real-time deployment on low-power devices. 

Moreover, there is limited exploration of multimodal sensor fusion and domain adaptation techniques. The 

study concludes that future research should focus on integrating IoT-enabled vibration monitoring systems 

with edge AI, adaptive learning, and cloud-based predictive analytics to advance intelligent fault diagnosis 

and ensure industrial reliability in the era of Industry 4.0. 

 

 

Index Terms - : Vibration Analysis; Condition Monitoring; Fault Diagnosis; Machine Learning; Deep 

Learning; CNN;Transfer Learning; Predictive Maintenance; IoT; Edge Computing;  

 

I. INTRODUCTION 

In modern industrial environments, the reliability and continuous operation of machines are crucial for 

productivity, safety, and cost efficiency. Unexpected equipment failures can lead to significant downtime, 

financial losses, and even hazardous situations. To address these challenges, machine health monitoring 

using vibration analysis has become one of the most effective and widely adopted techniques in Condition-

Based Maintenance (CBM) systems. 

 

Vibration signals carry essential information about the mechanical condition of rotating machinery 

components such as bearings, gears, shafts, and motors. By analyzing these signals, engineers can identify 

early signs of wear, imbalance, misalignment, or mechanical faults before catastrophic failure occurs. 

Traditional methods of vibration analysis—such as time-domain, frequency-domain, and time-frequency 

domain techniques—have laid the foundation for diagnostic applications. However, these conventional 

approaches often depend heavily on expert interpretation and may struggle with noisy, complex, and 

nonlinear data generated in real-world industrial settings. 
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In recent years, machine learning (ML) and deep learning (DL) techniques have revolutionized vibration-

based fault diagnosis. Algorithms like Support Vector Machines (SVM), Random Forests, and k-Nearest 

Neighbors (kNN) have shown improved performance in classifying fault patterns. Further advancements 

through deep Convolutional Neural networks (CNNs), Long Short-term Memory (LSTM) networks, and 

Transfer Learning (TL) have enabled automatic feature extraction and robust classification from raw 

vibration data. These AI-based models have achieved remarkable accuracy, especially when trained on 

benchmark datasets such as the Case Western Reserve University (CWRU) and Paderborn University (PU) 

bearing data.  

 

Despite these achievements, there remain several challenges. Most studies rely on laboratory datasets that 

fail to capture the variability and noise of real industrial environments. Moreover, the integration of 

vibration analysis with IoT platforms, edge computing, and real-time decision systems is still under 

development. Addressing these gaps is critical for realizing reliable, scalable, and adaptive health 

monitoring systems suitable for Industry 4.0 applications. 

This review paper presents a comparative analysis of existing research in machine vibration-based health 

monitoring. It evaluates methodologies, datasets, machine learning models, and performance outcomes 

across multiple studies, providing a clear understanding of progress in the field and identifying key research 

gaps that pave the way for future innovations in intelligent fault diagnosis. 

1. Machine vibration-based health monitoring is an essential predictive maintenance tool used in 

industries to detect and diagnose mechanical faults in rotating machinery such as motors, gearboxes, 

and bearings. Vibration analysis helps identify abnormal conditions before catastrophic failures 

occur, thereby reducing downtime and maintenance cost. 

Vibration analysis remains the dominant and most effective non-invasive technique for early 

detection of faults in rotating machinery (bearings, gears, shafts), because most faults generate 

characteristic frequency/time-domain signatures.  

2. Hybrid pipelines (signal preprocessing → feature extraction → classifier) are still standard in 

industry; recent research increasingly replaces hand-crafted features with end-to-end deep learning 

(CNNs, autoencoders) or hybrid shallow+deep feature fusion.  

3. Machine learning (SVM, RF, boosting) performs well with engineered features and small datasets; 

deep learning excels when abundant labelled data or effective data augmentation / time-frequency 

transforms are available. Transfer learning and domain adaptation are active areas to handle cross-

machine / cross-load variability.  

4. Sensor choice and data quality matter: transducer type, sampling rate, mounting, and environmental 

noise strongly affect achievable performance; careful sensor/system design is often under-reported.  

5. Open problems / gaps: robust multi-fault diagnosis under variable operating conditions, interpretable 

models for industry adoption, limited real-world labelled data, and benchmarking reproducibility 

across studies.  

 

II. LITERATURE REVIEW 

“A Convolutional Neural-Network-Based Diagnostic Framework for Industrial Bearings” published by 

author Yu & Xie (2024) in journal Mechanical Sciences[1]. This paper proposes a CNN-based deep learning 

framework for detecting faults in industrial rolling bearings. It introduces dilated residual convolutional 

layers and attention mechanisms to enhance feature extraction and classification performance. The 

Methodology used were  A multi-scale feature extraction module captures vibration features at different 

receptive fields. Residual connections are used to improve gradient flow and retain shallow-layer 

information. An attention mechanism emphasizes fault-related spectral features while suppressing noise. 

The model is trained on benchmark datasets such as CWRU and Paderborn bearing data. A multi-scale 

feature extraction module captures vibration features at different receptive fields. Residual connections are 

used to improve gradient flow and retain shallow-layer information. An attention mechanism emphasizes 

fault-related spectral features while suppressing noise[1]. The model is trained on benchmark datasets such 

as CWRU and Paderborn bearing data. 
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Figure 1 Schematic of a piezoelectric accelerometer. 

 

The model achieved high accuracy (>99%) in identifying multiple bearing faults. It demonstrated strong 

robustness to variable noise and unbalanced datasets. Limitations: Tests were primarily conducted under 

laboratory conditions, not real industrial setups. The paper did not deeply explore real-time or edge 

deployment feasibility. “Intelligent Fault Diagnosis of Bearings Using Multi-Sensor Spectrogram Fusion 

and Machine Learning Models”  Published in the year 2025  Iran Journal of Computer Science[2]. This 

paper explores multi-sensor fusion (vibration + acoustic data) to improve bearing fault diagnosis accuracy 

using ML and deep learning techniques. Multi-sensor data are transformed into spectrograms using Short-

Time Fourier Transform (STFT). Features are extracted using CNN, Random Forest, and SVM models. A 

hybrid CNN–RF model is introduced for feature extraction and classification [2]. 

Results Multi-sensor fusion improved model accuracy by 4–10% across different models. Hybrid CNN–RF 

achieved ≈98% accuracy and ≈99% precision, outperforming other models. 

 

Limitations 

The cost and complexity of multi-sensor setups may limit scalability in industrial environments. 

Cross-domain testing (different loads, speeds) was not fully explored. 

 

The paper “Review of Research on Fault Diagnosis of Rolling Bearings Based on Deep Learning” has 

objective: Reviews how deep-learning (DL) methods (DBN, CNN, LSTM) have been applied to rolling 

bearing fault  diagnosis, and outlines current challenges[3]. Methodology and Scope Covers architectures of 

neural networks, surveying feature-extraction via DL and comparing with traditional methods. 

Key contributions: It highlights that DL reduces need for manual feature engineering and helps handle 

complex vibration signals.[3] 
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Figure 2 Velocity sensor schematic with the indication of main components. 

 

 

Limitations: Mostly summarises existing work; doesn’t propose new architectures or large-scale real-world 

industrial validations. 

 

The paper “The Review of Bearing Fault Diagnosis Technology Based on Machine Learning (Jiang, 2023)”  

has Objective to provides a survey of bearing fault diagnosis technologies based on machine learning (ML) 

and deep learning (DL), emphasising how ML improves over traditional rules[4]. The methodology used 

analyses support vector machines (SVM), CNN, LSTM in the context of bearing fault diagnosis; provides 

comparison tables. Key contributions: Good for understanding how ML pipelines (feature extraction → 

classifier) evolved and what advantages they bring[4]. 

Limitations: Doesn’t deeply dive into sensor mounting or industrial sensor placement issues; more 

algorithm-centric than system-centric. 

 “Bearing Fault Diagnosis Based on Multi‑Scale CNN and Bidirectional GRU (2024)” Objective  was to 

proposes a hybrid model using multi-scale convolutional neural network (CNN) plus bidirectional GRU 

(gated recurrent units) for rolling bearing fault diagnosis, tackling noise and scale variability. Methodology 

is Converts raw vibration data to time-frequency or multi-scale spectral images, uses a CNN to extract 

spatial features, then GRU to model temporal dependencies. 

Key contributions: Demonstrates improved accuracy and robustness under noisy conditions; highlights 

benefit of combining spatial and temporal modelling. 

 

Limitations: The dataset used is still a benchmark dataset rather than large-scale industrial dataset; edge-

deployment not yet addressed[5]. 

 

Bearing Fault Diagnosis Method Based on SE‑CNN (Liu et al., 2025)[6] Objective is introduces a Squeeze-

and-Excitation (SE) module into a CNN architecture to adaptively weight feature-channels and improve 

feature‐focus in complex vibration signals. Methodolog is proposes SE-CNN model for rolling bearing fault 

diagnosis: vibration signals → pre-processing → SE-CNN classifier. 

Key contributions: Highlight how channel-wise attention (SE) can improve fault feature extraction in 

convolutional networks for vibration data[6]. 

Limitations: Focuses on algorithmic improvement; less about full system pipeline (sensor placement, 

datasets, deployment). 

 

“Adaptive Wavelet‑Informed Physics‑Based CNN for Bearing Fault (Ma et al., 2025)” Objective is 

combines wavelet-based preprocessing with physics-informed CNN to improve interpretability and 

robustness in bearing fault diagnosis[7]. Methodology is to use wavelet transforms to extract physics-based 

features, then feed into CNN for classification; introduces loss or architecture informed by mechanical fault 

physics Key contributions: are Moves toward interpretability and bridges physics  and data. 

Limitations: Might be computationally heavier; real-time edge deployment still challenging. 
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Research gap identified  

 

Limited Real-World Validation – Most models are trained on lab datasets, not industrial data. 

Need for Edge and IoT Integration – Real-time monitoring using ESP32 or LoRaWAN is rarely 

implemented. 

Explainability – Few models provide interpretable fault indicators (e.g., frequency domain insights). 

Data Fusion & Multi-Fault Detection – Most systems detect only single faults, not compound ones. 

Cross-Machine Generalization – Transfer learning across different machines and domains remains 

challenging. 

 

 

III. DISCUSSION 

Recent literature (2020–2025) can be grouped into three main research phases — classical signal 

processing, machine learning (ML), and deep learning (DL) approaches. 

 

A. Classical Signal Processing Approaches – methods such as FFT, Wavelet Transform, and EMD for 

extracting fault-related features (Tiboni et al., 2022). 

B. Machine Learning-Based Methods – SVM, Random Forest, and ensemble ML models used for 

classification (Surucu et al., 2023; Liu & Gong, 2023). 

C.  Deep Learning-Based Approaches – CNN, LSTM, and hybrid CNN-LSTM architectures directly process 

raw vibration data (Hakim et al., 2023; Bhuiyan & Uddin, 2023; Albdery & Szabó, 2024). 

D. IoT and Edge-Based Monitoring – Integration with ESP32/NodeMCU and ThingSpeak for real-time fault 

monitoring (Hassan et al., 2024; Zhang et al., 2022). 

 

 

Table 1 Summary of  parameters  with observation 

 

Aspect Observation 

Data Sources 
Most papers use benchmark datasets like CWRU, 

limiting real-world generalization. 

Techniques 
CNN, LSTM, hybrid ML-DL, and feature fusion are 

dominant approaches. 

Performance 
Deep models achieve >95% accuracy on laboratory 

data. 

Limitations 
Lack of interpretability, limited real-time 

applications, and small datasets. 

Emerging Trend 
Transfer learning, attention mechanisms, and sensor 

fusion are improving robustness. 

 

IV. CONCLUSION 

The evolution of vibration-based machine health monitoring is moving toward intelligent, data-driven, and 

adaptive systems. By leveraging advances in artificial intelligence, cloud computing, and wireless sensor 

networks, next-generation predictive maintenance systems can achieve higher accuracy, scalability, and 

operational efficiency enabling industries to transition effectively into the Industry 4.0 era.The reviewed 

papers demonstrate that Deep learning (especially CNN-based and hybrid models) achieves high fault 

classification accuracy. Multi-sensor fusion significantly improves reliability. However, there is still a gap 

in deploying real-time, low-cost, IoT-integrated systems using NodeMCU / ESP32 in industrial conditions. 

 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                              © 2025 IJCRT | Volume 13, Issue 11 November 2025 | ISSN: 2320-2882 

IJCRT2511505 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org e271 
 

REFERENCES 

[1] Yu, B., & Xie, C. (2024). A convolutional neural-network-based diagnostic framework for industrial 

bearing. Mechanical Sciences, 15, 87–98. DOI: https://doi.org/10.5194/ms-15-87-2024. 

[2] Intelligent fault diagnosis of bearings using multi-sensor spectrogram fusion and machine learning 

models. 

Iran Journal of Computer Science (2025). DOI: https://doi.org/10.1007/s42044-025-00316-x 

[3] Duan, C. & Zhang, M. (2024). Review of Research on Fault Diagnosis of Rolling Bearings Based on 

Deep Learning. Journal of Computing and Electronic Information Management. DOI: 

https://doi.org/10.54097/jceim.v10i3.8760 

[4]Jiang, Y. (2023). The Review of Bearing Fault Diagnosis Technology Based on Machine Learning. 

Journal of Advances in Engineering and Technology, 1(3). DOI: https://doi.org/10.62177/jaet.v1i3.91 

[5] Liu, T., Hu, Z., Zhang, Y., Liu, X., Shao, W. (2025). Bearing Fault Diagnosis Method Based on SE-

CNN. Academic Journal of Science and Technology, 14(2). DOI: https://doi.org/10.54097/3n10dg48 

[6] Ma, …, et al. (2025). Adaptive Wavelet-Informed Physics-Based CNN for Bearing Fault. International 

Journal of Prognostics and Health Management. (Check link) 

[7] M. R. Patel and S. K. Sharma, “Machine Vibration Monitoring and Fault Diagnosis Using AI and IoT,” 

International Journal of Advanced Research in Engineering and Technology, vol. 14, no. 2, pp. 45–52, 

2023. 

[8] A. G. Kulkarni, P. D. Mehta, and R. K. Jadhav, “Intelligent Vibration Analysis for Rotating Machines 

Using Machine Learning,” IEEE Access, vol. 11, pp. 18765–18775, 2023, doi: 

10.1109/ACCESS.2023.3256123. 

[9] C. Duan and M. Zhang, “Review of Research on Fault Diagnosis of Rolling Bearings Based on Deep 

Learning,” J. Comput. Electron. Inf. Manag., vol. 10, no. 3, pp. 155–166, 2024, doi: 

10.54097/jceim.v10i3.8760. 

[10] Y. Jiang, “The Review of Bearing Fault Diagnosis Technology Based on Machine Learning,” J. Adv. 

Eng. Technol., vol. 1, no. 3, pp. 22–31, 2023, doi: 10.62177/jaet.v1i3.91. 

[11] S. Li, J. Zhao, and K. Lee, “Bearing Fault Diagnosis Based on Multi-Scale CNN and Bidirectional 

GRU,” Vibration, vol. 6, no. 1, p. 2, 2024. 

[12] R. S. Dey and A. K. Saha, “Vibration-Based Fault Detection Using Edge AI and IoT Platforms,” 

Sensors and Actuators A: Physical, vol. 355, pp. 114–127, 2024, doi: 10.1016/j.sna.2024.115032. 

[13] P. S. Raj and V. Ramesh, “Condition Monitoring of Induction Motors Using Vibration Signal 

Analysis,” IEEE Trans. Ind. Electron., vol. 70, no. 5, pp. 4551–4562, 2023. 

[14] K. Kim and D. Park, “Real-Time Machine Health Monitoring Using ESP32 and Edge Machine 

Learning,” IEEE Internet Things J., vol. 11, no. 2, pp. 1021–1034, 2024. 

[15] A. Sharma, “Deep Learning-Based Bearing Fault Detection Using Time–Frequency Domain Features,” 

Measurement, vol. 225, 2024, doi: 10.1016/j.measurement.2024.115815. 

[16] M. Rahman and F. Khan, “IoT-Enabled Predictive Maintenance Using Vibration Sensors and LSTM 

Networks,” IEEE Access, vol. 12, pp. 6748–6760, 2024. 

 

 

http://www.ijcrt.org/
https://doi.org/10.5194/ms-15-87-2024
https://doi.org/10.1007/s42044-025-00316-x
https://doi.org/10.54097/jceim.v10i3.8760
https://doi.org/10.62177/jaet.v1i3.91
https://doi.org/10.54097/3n10dg48

