
 Corresponding author: Mohammed K Al-Obaidi 

Copyright © 2023 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

A review of various techniques for vibration signal analysis to diagnose the faults of 
electric motors: Advantages and drawbacks  

Ammar A Al-Hamadani 1, Ali R Ibrahim 2, Mohammed K Al-Obaidi 3, *, Aws M Abdullah 4 and Anas F Ahmed 3 

1 Department Computer Engineering, College of Engineering, Al-Iraqia University, Baghdad, Iraq. 
2 Medical Devices Technology Engineering, Alsalam University College, Baghdad, Iraq. 
3 Department Electrical Engineering, College of Engineering, Al-Iraqia University, Baghdad, Iraq. 
4 Al-Sharia Department, University of Baghdad, Baghdad, Iraq. 

Global Journal of Engineering and Technology Advances, 2023, 16(03), 179–185 

Publication history: Received on 16 July 2023; revised on 22 August 2023; accepted on 25 August 2023 

Article DOI: https://doi.org/10.30574/gjeta.2023.16.3.0179 

Abstract 

The analysis of vibration signals is of utmost importance in the assessment and surveillance of mechanical systems' 
condition. This scholarly article presents an extensive evaluation of diverse methodologies utilized in vibration signal 
analysis, emphasizing the merits and limitations associated with each technique. The strategies covered include 
approaches based on machine learning as well as time-domain analysis, frequency-domain analysis, time-frequency 
analysis, and time-domain analysis. Practitioners and researchers can choose the best strategy for their unique vibration 
analysis needs by having a thorough understanding of the strengths and limitations of each method. 

Keywords:  Vibration signal analysis; Time-domain analysis; Frequency-domain analysis; Time-frequency analysis; 
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1. Introduction

The development of fault classification methods for electrical motors via the application of signal processing and 
machine learning has recently attracted increasing interest [1–3]. Electric motors are widely used in a variety of 
industries and applications, and their dependable operation is essential to the efficient running of many systems. 
However, faults in electric motors can result in performance degradation, increased energy consumption, and even 
catastrophic failures [4]. Manual examination or the use of specialized sensors is frequently used in traditional methods 
for finding and categorizing defects in electric motors. These approaches require a lot of time and money, and they might 
not be able to detect tiny flaws right away. As a result, there is a need for effective and automated fault classification 
methods that can correctly recognize and categorize different kinds of electric motor problems [5]. 

Signal processing techniques play a pivotal role in the fault classification of electric motors. These techniques involve 
the analysis and processing of electrical signals generated by the motor during its operation. By extracting pertinent 
features from these signals, it becomes possible to identify patterns and characteristics associated with specific fault 
types. This information can then be utilized to develop robust fault classification algorithms [6]. Machine learning 
algorithms have demonstrated significant potential in the fault classification of electric motors. These algorithms can 
learn from labeled data and make predictions or classifications based on the acquired patterns. By training machine 
learning models with a substantial dataset of labeled motor signals, it becomes feasible to develop accurate and reliable 
fault classification systems. These systems can not only detect the presence of faults but also classify them into specific 
fault categories [7]. 
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The combination of signal processing and machine learning techniques offers several advantages for the fault 
classification of electric motors. Firstly, it enables the automated analysis of motor signals, eliminating the need for 
manual inspection. This significantly reduces the time and effort required for fault detection and classification. Secondly, 
these techniques can detect faults at an early stage, facilitating proactive maintenance and preventing costly 
breakdowns. The use of machine learning algorithms also permits the creation of adaptive fault categorization systems, 
which can constantly improve over time [8]. 

Vibration signal analysis plays a critical role in various engineering disciplines, including mechanical, civil, and 
aerospace engineering. Accurate and efficient analysis of vibration signals is essential for diagnosing faults, predicting 
failures, and ensuring the reliability and safety of mechanical systems. However, the complexity and diversity of 
vibration signals pose significant challenges in extracting meaningful information and identifying relevant patterns. Our 
goal in this in-depth review is to give a thorough overview of the state-of-the-art in signal processing and machine 
learning for fault classification in electric motors. Time-domain analysis, frequency-domain analysis, and time-
frequency analysis are only a few of the signal processing methods used for feature extraction that will be covered. In 
addition, we will examine various machine learning methods for fault classification, including decision trees, neural 
networks, and support vector machines [9, 10]. We will also look at the difficulties and restrictions involved in utilizing 
machine learning and signal processing to identify electric motor faults. These difficulties include choosing the proper 
features, having access to labeled training data, and adapting fault classification algorithms to various motor types and 
operating environments. 

This review's overall goal is to give researchers and industry professionals in the field of electrical engineering a 
thorough grasp of the recent developments, difficulties, and potential future directions in the fault classification of 
electric motors utilizing signal processing and machine learning. It is anticipated that by utilizing these methodologies, 
more precise and effective fault classification systems can be created, improving the dependability and performance of 
electric motors in a variety of applications. 

2. The Importance of the Vibration Signal Analysis 

In the discipline of mechanical engineering, vibration signal analysis is a vital tool for diagnosing and keeping track of 
the health of mechanical systems. Engineers and scientists can learn a lot about these systems' operation, spot potential 
problems or abnormalities, and decide on maintenance and optimization tactics by carefully examining the vibrations 
that these systems produce. The purpose of this part is to demonstrate the value of vibration signal analysis across a 
range of applications and industries. 

 Condition Monitoring: One of the primary applications of vibration signal analysis is in condition monitoring. 
By continuously monitoring the vibrations produced by machinery and equipment, engineers can detect early 
signs of deterioration or malfunction. This proactive approach allows for timely maintenance interventions, 
reducing the risk of unexpected breakdowns, minimizing downtime, and optimizing the lifespan of the 
equipment. 

 Fault Diagnosis: Vibration signal analysis serves as a powerful diagnostic tool for identifying faults and 
abnormalities in mechanical systems. By analyzing the frequency, amplitude, and other characteristics of 
vibration signals, engineers can pinpoint the root causes of issues such as misalignment, unbalance, bearing 
defects, gear faults, and resonance. This information enables targeted repairs and replacements, leading to 
improved system reliability and performance. 

 Performance Optimization: Understanding the vibration characteristics of mechanical systems can help 
engineers optimize their performance. By analyzing the vibration signals, engineers can identify areas of 
inefficiency, such as excessive vibrations or energy losses, and implement corrective measures. This 
optimization process can lead to improved energy efficiency, reduced operational costs, and enhanced overall 
system performance. 

 Structural Health Monitoring: Vibration signal analysis is also crucial in monitoring the structural health of 
buildings, bridges, and other civil structures. By analyzing the vibrations induced by external forces or 
environmental conditions, engineers can assess the integrity and stability of these structures. This information 
is vital for ensuring public safety, identifying potential structural weaknesses, and implementing appropriate 
maintenance or reinforcement measures.  

 Quality Control: In manufacturing industries, vibration signal analysis is employed for quality control purposes. 
By analyzing the vibrations produced during the manufacturing process, engineers can detect defects, 
variations, or deviations from desired specifications. This enables early detection of production issues, reducing 
waste, improving product quality, and ensuring compliance with industry standards. 
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 Research and Development: Vibration signal analysis serves as a foundation for research and development in 
various fields. By studying the vibrations produced by different systems and components, researchers can gain 
insights into their behavior, dynamics, and performance characteristics. This knowledge can then be utilized to 
develop innovative designs, improve existing technologies, and advance the overall understanding of 
mechanical systems. 

3. Time-Domain Analysis 

Time-domain analysis is a widely employed method for categorizing faults in electric motors. This technique involves 
examining the motor's electrical signals in the time domain to detect and classify various fault types. The advantages 
and limitations of time-domain analysis for fault classification are discussed in the subsequent section [11-14]. 

Advantages 

 Simplicity: Time-domain analysis is a relatively straightforward approach to implement and interpret. It 
involves analyzing waveform characteristics, such as voltage and current, which can be easily measured using 
standard equipment. 

 Real-time monitoring: Time-domain analysis enables real-time monitoring of motor performance. By 
continuously analyzing electrical signals, faults can be promptly detected and classified; facilitating timely 
maintenance and preventing further motor damage. 

 Comprehensive fault detection: Time-domain analysis is capable of detecting a wide range of electric motor 
faults, including rotor asymmetry, bearing faults, stator winding faults, and broken rotor bars. This versatility 
makes it a valuable technique for fault classification. 

 Non-invasive: Time-domain analysis is a non-intrusive technique that does not require physical access to the 
motor. It relies on measuring electrical signals at the motor terminals, making it suitable for online monitoring 
and diagnostics. 

Drawbacks 

 Limited fault identification: Although time-domain analysis can detect various fault types, it may not provide 
detailed information about specific fault characteristics. For instance, it may not differentiate between different 
types of bearing faults or provide information about fault severity. 

 Sensitivity to noise: Time-domain analysis can be sensitive to noise and other disturbances in electrical signals. 
This sensitivity can lead to false alarms or inaccurate fault classification if the signals are significantly 
contaminated with noise. 

 Lack of frequency information: Time-domain analysis focuses solely on waveform characteristics in the time 
domain and does not directly provide frequency information. Consequently, it may have limitations in 
identifying faults that primarily manifest in the frequency domain, such as certain electrical or mechanical 
faults. 

 Limited fault prognosis: Time-domain analysis primarily focuses on fault detection and classification, and may 
not provide detailed information about fault progression or prognosis. This information is crucial for predictive 
maintenance and decision-making. 

4. Frequency-Domain Analysis 

Frequency-domain analysis is a widely employed method for categorizing faults in electric motors. This technique 
involves scrutinizing the frequency characteristics of motor signals to identify specific fault patterns. By examining the 
spectral properties of the signals, various motor faults can be accurately detected and classified. This section presents 
a discussion on the advantages and drawbacks of frequency-domain analysis for fault classification in electric motors 
[15-17]. 

Advantages 

 Clear identification of fault frequencies: Frequency-domain analysis enables the identification of fault 
frequencies associated with particular motor faults. By analyzing spectral components like harmonics and 
sidebands, it becomes possible to precisely determine the frequencies related to faults such as rotor 
imbalances, bearing defects, or stator winding faults. This facilitates accurate fault diagnosis and targeted 
maintenance actions. 



Global Journal of Engineering and Technology Advances, 2023, 16(03), 179–185 

182 

 Enhanced fault detection sensitivity: Frequency-domain analysis enhances the sensitivity of fault detection 
compared to time-domain analysis. It can detect faults even in the presence of noise or other interfering signals. 
By focusing on specific frequency ranges, the analysis effectively isolates and identifies fault-related 
components, thereby improving the accuracy of fault classification. 

 Quantitative assessment of fault severity: Frequency-domain analysis provides a quantitative assessment of 
fault severity. By analyzing the amplitude and phase characteristics of fault-related frequencies, it becomes 
possible to estimate the severity of detected faults. This information aids in prioritizing maintenance actions 
and scheduling repairs accordingly. 

Drawbacks 

 Limited to stationary signals: Frequency-domain analysis assumes that motor signals are stationary, meaning 
that fault characteristics remain constant over time. However, in real-world scenarios, fault characteristics may 
dynamically change, posing challenges in accurately classifying faults using this approach. Non-stationary 
signals may require additional preprocessing techniques or alternative analysis methods. 

 Sensitivity to measurement noise: Frequency-domain analysis is sensitive to measurement noise, which can 
impact the accuracy of fault classification. Noise interference can obscure fault-related frequency components 
or introduce false positives/negatives. Proper signal conditioning and noise reduction techniques are 
necessary to mitigate this issue and improve the reliability of fault classification results. 

 Limited fault identification capability: While frequency-domain analysis can detect and classify several 
common motor faults, it may not be suitable for identifying complex or rare fault conditions. Some faults may 
not exhibit distinct frequency components or may require additional diagnostic techniques for accurate 
classification. Therefore, a comprehensive fault diagnosis approach combining multiple analysis methods may 
be necessary for a more comprehensive assessment. 

5. Time-Frequency Analysis 

Time-frequency analysis has emerged as a valuable technique for fault classification in electric motors. This method 
enables the simultaneous analysis of both time and frequency domains, providing a comprehensive understanding of 
the motor's behavior and facilitating accurate fault detection and classification. In this section, we will discuss the 
advantages and drawbacks of utilizing time-frequency analysis for fault classification in electric motors [18-22]. 

Advantages 

 Enhanced fault detection: Time-frequency analysis allows for the identification of transient fault signatures that 
may not be easily detectable in either the time or frequency domain alone. By capturing both temporal and 
spectral information, this technique improves the accuracy and reliability of fault detection. 

 Localization of faults: Time-frequency analysis provides spatial information regarding the occurrence and 
duration of faults. This localization aids in pinpointing the exact location of the fault within the motor, 
facilitating targeted maintenance and repair actions. 

 Multiresolution analysis: Time-frequency analysis techniques, such as wavelet transforms and spectrograms, 
offer multiresolution capabilities. This enables the examination of fault-related features at different scales, 
facilitating the detection of both large-scale and subtle faults. 

 Non-stationary fault detection: Electric motor faults often exhibit non-stationary behavior, meaning that their 
characteristics change over time. Time-frequency analysis is well-suited for capturing these non-stationary 
features, making it effective in detecting and classifying such faults.  

Drawbacks 

 Computational complexity: Time-frequency analysis techniques can be computationally intensive, particularly 
when dealing with large datasets or high-resolution analysis. This may necessitate significant computational 
resources and processing time, limiting real-time fault classification capabilities. 

 Selection of appropriate analysis technique: Choosing the most suitable time-frequency analysis technique for 
a specific motor fault classification task can be challenging. Different techniques have distinct strengths and 
limitations, and selecting the wrong technique may result in inaccurate results. 

 Interpretation of results: Interpreting time-frequency analysis results requires expertise and domain 
knowledge. Understanding the significance of various time-frequency patterns and their relation to specific 
motor faults is crucial for accurate fault classification. 
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 Sensitivity to noise: Time-frequency analysis can be sensitive to noise present in the motor signals. Noisy 
signals may introduce artifacts and distortions in the time-frequency representation, potentially affecting the 
accuracy of fault classification. 

6. Machine Learning-Based Approaches 

The reliable and efficient operation of electric motors heavily relies on the accurate classification of faults. Traditional 
methods for fault classification often involve manual inspection and expert knowledge, which can be subjective and 
time-consuming. In recent years, machine learning-based approaches have emerged as promising alternatives for fault 
classification in electric motors. This section examines the benefits and limitations associated with the utilization of 
machine learning techniques for this purpose. 

Advantages of Machine Learning-Based Approaches [23-27]: 

 Automation and Efficiency: Machine learning algorithms automate the fault classification process, reducing the 
need for manual inspection and human intervention. This enhances efficiency and expedites decision-making 
in identifying motor faults. 

 Improved Accuracy: Machine learning models can learn from extensive data and extract intricate patterns that 
may not be easily discernible to human experts. This enables more accurate fault classification, even for subtle 
or hard-to-detect motor faults. 

 Adaptability: Machine learning algorithms can adapt and learn from new data, continuously improving their 
fault classification performance over time. This adaptability is particularly advantageous in scenarios where 
motor fault patterns may change or evolve throughout the motor's operational lifespan. 

 Scalability: Machine learning-based approaches can handle large datasets and are applicable to various types 
of electric motors and fault scenarios. This scalability makes them suitable for industrial applications where 
simultaneous monitoring of multiple motors is required. 

Drawbacks of Machine Learning-Based Approaches [28-33]: 

 Data Dependency: Machine learning models heavily rely on high-quality and representative training data. 
Insufficient or biased training data can lead to inaccurate or biased fault classification results. Acquiring and 
labeling diverse training data can be time-consuming and resource-intensive. 

 Interpretability: Certain machine learning algorithms, such as deep neural networks, are often considered 
black-box models, making it challenging to interpret the reasoning behind their fault classification decisions. 
This lack of interpretability can be a drawback in safety-critical applications where explainability is crucial. 

 Generalization: Machine learning models may struggle to generalize well to unseen or uncommon fault patterns 
that were not adequately represented in the training data. This limitation can impact the reliability and 
robustness of the fault classification system. 

 Model Complexity and Overfitting: Complex machine learning models with numerous parameters can be prone 
to overfitting, where the model becomes too specialized to the training data and performs poorly on new, 
unseen data. Regularization techniques and careful model selection are necessary to mitigate this issue. 

7. Conclusions and Future Works 

The numerous methods used in vibration signal analysis; including time-domain analysis, frequency-domain analysis, 
time-frequency analysis, and machine learning-based methods, are thoroughly examined in this work. Each method is 
explained in depth, highlighting its unique benefits and limitations. Time-domain analysis is a fundamental approach 
that provides insights into the temporal characteristics of vibration signals, allowing for the calculation of statistical 
parameters useful in anomaly detection and fault identification. However, it may not capture the frequency content of 
complex vibration patterns. Frequency-domain analysis focuses on the spectral characteristics of vibration signals, 
enabling the identification of dominant frequencies and specific vibration patterns associated with faults. However, it 
may overlook transient events and time-varying characteristics. Time-frequency analysis techniques, such as the short-
time Fourier transform (STFT) and wavelet transform, offer a compromise by providing a time-varying representation 
of the signal's frequency content, detecting transient events and non-stationary behavior. However, selecting an 
appropriate time-frequency representation and managing resolution trade-offs remain challenging. Machine learning-
based approaches, including artificial neural networks, support vector machines, and deep learning models, have gained 
attention for their ability to automatically learn complex patterns and classify vibration signals. They have shown 
promise in fault diagnosis and condition monitoring applications but require labeled training data and may lack 
interpretability. Future research directions include integrating multiple analysis techniques, exploring advanced 
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feature extraction methods, enhancing the interpretability of machine learning models, addressing imbalanced datasets, 
developing real-time and online analysis techniques, establishing benchmark datasets and evaluation metrics to 
facilitate fair comparisons and reproducibility. 
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