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Abstract: Bearing is a vital component of every rotating hardware. 

With progress in time, these bearings create issues which can be 

inward race, external race, ball, cage, or all of these. These bearing 

issues can be recognized by utilizing cutting-edge innovations like 

Vibration Investigation. The Vibrational analysis is one of the best 

strategies for fault detection. The reason for this study was to carry out 

a condition observing framework for bearing flaws. Thus vibration 

investigation has been carried out and tried to screen bearing faults. 

The vibration information from bearings is recorded and introduced 

here. To enhance the Overall Equipment Availability (OEA), this data 

is helpful and dependable information for support work to be 

financially savvy. Moreover, the outcome demonstrates how much 

high-level CBM practices are in the business, and it gives direction to 

additional innovative work around here. The paper concludes with a 

discussion of potential future trends and exploration areas that are 

predicted to extend the powerful and competent use of CBM. 

Keywords: Vibration, Condition-based Maintenance, Condition 

monitoring, Remaining useful life. 
 

1. Introduction 

 Many production firms have executed Condition Based Maintenance (CBM) [1] to 

decrease activity expenses and support costs, expanding the proficiency and reliability of the 

production hardware. Rastegari [2] directed a contextual investigation that saw some of the 

latest difficulties in executing CBM during production business, along with firms’ way of 

life, the executive’s backing, and the capacity of the association to utilize CBM. Regarding 

Bengtsson [3], a prerequisite for success in execution is carrying out the proper methodology 

in proper region and in proper manner. Star [4] stresses on importance of CBM being applied 

to specific issues in the plant instead of a general approach, as such methods are unlikely to 

be economically viable everywhere. A few factors concerning the CBM execution strategy 

are introduced and examined. 

 Vibration is viewed as one of the main components of a CBM framework. Mechanical 

framework with rotating components, for example, Bearings, conveys a low degree of 

vibrations from which the state of the framework is characterized. To accomplish improved 

results, for example, augmenting the creation of the framework, decrementing maintenance 

costs, and invalidating shocking shortcomings, during working circumstances these 

boundaries are gotten, inspected, and assessed by most specialists. Genuine unbalancing and 
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misalignment of the rotational parts are the purposes behind vibration, which causes 90 

percent of issues. Adequacy, speed, and speed increase are the central issues to be looked for 

in the state of the machinery during vibration examination. At the point when the repetition 

of the vibration changes, the alertness of the sensor used to quantify the boundaries 

additionally changes. 

 Vibration-based fault evaluation techniques are widely used in maintenance and repair. 

One method is the Condition Based Maintenance (CBM) framework, which differentiates 

between normal operation and defective hardware components. In normal conditions, the 

vibration signal follows a regular pattern, but when a fault occurs, the pattern changes. These 

methods are used to predict and identify problems before they occur to prevent system 

shutdowns and potential safety hazards. Damage modes such as weakness break, pitting, and 

scaling can affect bearings and other components [5,6]. Shutdowns caused by small faults 

can result in financial losses and pose a risk to human safety. Implementing a CBM 

framework during production can help detect and fix issues before they lead to a shutdown. 

Choosing the appropriate monitoring strategy is crucial for accurate and reliable diagnostic 

results, as different machine parts may have unique defects. This paper targets to offer an 

ample synopsis of the technical and practical aspects of implementing CBM in a production 

setting.  

 The base for this research is a test rig comprising bearings, gears, and an induction motor 

at the University of Engineering and Technology Peshawar, KPK, Pakistan. The information 

was gathered from the apparatus with the assistance of sensors. The data was then accessed in 

MATLAB. Time domain Features were extracted and ranked with the help of Diagnostic 

Feature Designer and exported to the Classification Learner Application to train our model. 

The accuracy of the best-trained model is shown. After that Remaining Useful Life was 

estimated with the help of the Degradation Model. 

 

2. Literature Review 

 Condition Monitoring (CM) is a developing technology that allows operators to reduce 

the frequency of scheduled checks, cutting costs, time, and exertion while reducing 

downtime. Extensive literature surveys on CM in mechanical engineering have revealed that 

a top research priority is changing data under working conditions. 

 The fundamental component in rotary machines is the Bearings. Rotating component 

inadequacies result in time and money losses. A key focus in various industries, from power 

plants to aircraft, is bearing defect diagnostics [7]. A sample of the vibration signal has been 

examined to discover deformities in roller bearings. RMS, peak, crest factor, and power 

spectrum, of the defective bearing of various sizes, were assessed and matched to healthy 

bearing [8]. A trial evaluation of the capability of good tension microphones to break down 

diverse hardware conditions in noisy environments was done [9]. They found that the good 

strain microphone appears less sensitive to specific machine diagnostics, for instance, 
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pivoting metal roller, diverged from various techniques, for instance, accelerometer 

estimations. 

 A conceptual model was devised to forecast bearing vibration frequencies and 

amplitudes in a confined deformity on the external race, internal race, or one of the moving 

components under outspread and hub loads. They saw that arithmetical constraints were 

impacted by shaft speed because of the responsiveness of bearing lodging parts to a 

longitudinal vibration. They have given a clarification for vibration and commotion age in 

bearing. The wavelet packet transform (WPT) has already been proposed as an accurate tool 

for assessing vibration signals generated by defective bearings [10]. 

 The probability of vibration analysis and examination methods for detecting faults in 

antifriction orientation has been demonstrated [11]. Statistical metrics, usually in the time 

domain, may be recovered from the noise signature acquired from bearings using 

microphones. When viewed properly, a signal’s time series can yield epic proportions of 

information [12]. The most basic technique is to simply study sections of the time domain 

waveform. Some simplified time-domain approaches, such as trending unique characteristic 

parameters, are, on the other hand, intriguing. Time-domain statistical characteristics were 

employed as sporadic and pattern boundaries to differentiate the existence of early bearing 

defects. Equations (1-6) can be used to express various time-domain statistical parameters. 

 

𝑃𝑒𝑎𝑘 = (𝑚𝑎𝑥(𝑦𝑘) − 𝑚𝑖𝑛(𝑦𝑘))   (1)               𝑅𝑀𝑆 = √
1

𝑛
∑ (𝑦𝑘)2𝑛

𝑘=1        (2) 

 Where y is the raw time signal, N represents the number of samples, and kth represents 

the sample index, where k=1,2,3,...N. The Standard Deviation is represented by SD. 

 

𝐶𝑟𝑒𝑠𝑡 𝐹𝑎𝑐𝑡𝑜𝑟 =
𝑦𝑝𝑘−𝑝𝑘

𝑦𝑟𝑚𝑠
     (3)               𝑆𝐷 = √

1
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𝜎3    (6) 

 

 This moment is normalized by the difference squared and estimates spiky or impulse 

signals. Using a Gaussian likelihood density characteristic model of spalling, the amplitude 

of three non-dimensional vibrations aspects, such as shape factor, clearance factor, and 

impulse indicator, was beneficial in recreation conditions. The clearance and impulse 

features were the most informative, while the leeway attribute was the most complex and 

consistently effective in detecting spalling [13]. The findings of ensuring appropriate sensor 

placement have been presented [14,15]. From standpoint of Renyi and Honarvar, skewness 

and kurtosis are both effective in diagnosing rolling element bearings [16, 17]. It has been 

found that using statistical characteristics to assess vibration and ultrasonic data for detecting 

the existence of quirks in low-speed bearings [18]. However, kurtosis and peak factor did 
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best at low rates (under 200 rpm). From its development, the statistical approach exhibited 

much attention in attaining bearing damage tracking, with findings free of load and speed 

changes.      

 This approach is an intelligent tool for both assistance and Quality control applications. 

For fault determination of rotating hardware, a review of vibration feature extraction 

strategies is required [19]. Ball bearings have been studied for the arrangement and 

improvement of localized faults [20]. Statistics such as kurtosis, skewness, and standard 

deviation have been employed as characteristics in roller bearings to detect early defects. [21] 

Presents a survey of soft computing procedures in CBM. [22] Offered an AI-based technique 

for detecting bearing faults under changing speed and load situations. [23] Developed a 

unique approach for enhanced convolution-bearing defect diagnostics utilizing neural 

networks and transfer learning. Signal processing techniques such as variation mode 

decomposition (VMD) were studied in [24]. The defect diagnostic model and denoising 

performance of the joint learning mechanism were examined in [25]. Hasan adopted the 

method of transfer learning-based framework for fault detection [26]. Wavelet packet 

decomposition (WPD) was studied in [27]. The empirical wavelet transformation (EWT) was 

used to assess rolling bearing incipient faults [28]. 

 

3. Research Methodology 

 CBM is prerequisite-based maintenance, which begins when the fundamental 

framework demands it. The data gathered through CM gives an improvement to CBM. CM is 

the most essential component of CBM, and it aids in the maintenance of all machine parts 

before they fail. Different condition-observing markers have been investigated for fault 

examination of dynamic machines [29]. Fig.1 depicts the three phases of the CBM program. 

First, information procurement is done by gathering important information. Second, 

information processing moves toward handling, inspecting, and interpreting signals for better 

comprehension. Finally, the third step, decision-making, includes symptomatic and 

prognostic methods for managing and proposing compelling maintenance solutions. 

 CBM’s major purpose is to study the continuous data collected about machine 

deterioration and send it to a central processor that identifies fluctuations in useful 

parameters and discovers abnormalities that may cause breakdowns. A new type of CBM 

scheme has been delivered with its important qualities and essentials, taking into account the 

technique for obtaining normal patterns and the data types used. A CBM approach must 

include both diagnostics and prognostics. When a deviation from the standard occurs, 

diagnostics oversees fault recognition, division, and acknowledging verification. 
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Fig. 1. Phases of Condition-Based Maintenance. 

 In contrast, prognostics is a rapidly growing prior event that plans with failings and 

denigration expectations before they occur. Intelligent Examination of Information is an 

innovative information-handling methodology that combines combinatory and Boolean 

speculation introduced for analysis and anticipation in CBM. Fig.2 displays the 

time-dependent fluctuation in vibration level and machine failure probability due to CBM. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Machine Failure Probability. 

 

 Vibration testing is a powerful and dependable method for determining the machine’s 

operational health. It is well-known in production due to its non-harmful nature and ability to 

provide economic observation with no interference at the same time. Different vibrations are 

caused by periodic occurrences in the machine. At the same time, recurrence can reveal the 

source of the flaw. Unusual vibrations are a primary indicator of a potential machine failure. 

Unbalance, misalignment, part separation, disintegrating moving component bearings, and 

stuff damage are all conditions that can cause these vibrations. Vibration assessment 

synthesizers and frameworks can detect various worrisome issues early on, allowing staff to 

attempt to recover work on time [30]. 
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4. Experimental Setup 

 The experimental equipment employed in this work is a test rig, as illustrated in fig.3. 

This is a highly customizable setup for investigating signatures of common machinery flaws. 

Its sturdy yet adaptable design makes it simple to install and remove bearings and gears. A 

variable-frequency drive is used in the setup to provide an eclectic choice of rapidity. The 

setup consists of three bearings, two of which are installed on a shaft connected to the motor. 

One bearing is inside the motor. The vibrational signal was collected with the help of an 

Arduino Uno board and three sensors SW-420. Two sensors are implanted on the top of the 

bearing brackets, and one is fitted on the uppermost of the motor casing. One faulty bearing 

was used for testing purposes. 

 The first one has a faulty ball. The first one has a faulty ball. Tests were conducted on a 

shaft speed of 50 Hz for the bearing fault case. The signals collected were analyzed in 

MATLAB. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Experimental Setup. 

 

 

 

 

 

 

 

 

Fig. 4. Graph for Healthy and Faulty Bearings 
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 The graphs of both faulty and healthy corresponding signals were plotted and compared, 

showing the magnificent difference between them to identify particular faults in bearings 

shown in fig.4. 

5. Results 

 In practical applications, data from rolling element bearings are utilized to certify the 

efficacy and dominance of the proposed Condition Based Maintenance technique and RUL 

scheme. Data was imported to MATLAB for feature extraction. We have created an 

ensemble data store to access the data in the diagnostic feature designer for feature 

extraction. Time domain features such as kurtosis, peak amplitude, band power, and RMS 

were extracted. These features were then ranked with the help of the one-way Enova curve, 

which shows us the significance of kurtosis in fault detection in bearings, as shown in figure 

5. 

 

 

 

 

 

 

 

 

 

Fig. 5. Ranking of Features. 

 Now that features are ranked, we will import these features to the classification learner 

for the training of our model that will classify the bearing condition. Multiple models were 

trained in classification learner Application. Among all of them, quadratic discriminant 

analysis has the highest accuracy which is shown in fig.6. Additionally, the model's 

correctness is validated using the Receiver Operating Characteristic Curve (ROC) and 

Scatter plot, as illustrated in figs. 7 and 8, respectively. 
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            Fig. 7. ROC Curve for Quadratic Discriminant 

                analysis. 

 

 

 

  Fig. 6. Training Models in Classification Learner 

 

 

Fig. 8. Scatter Plot for Quadratic Discriminant Analysis. 

Finally, Remaining Useful Life (RUL) estimation is done with the help of the degradation 

model, which shows degradation in the state after 48 days, as shown in fig.9. 
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Fig. 9. RUL Estimation 

The Remaining Useful Life (RUL) is an estimate of how long an asset will be able to perform 

in line with its intended purpose before it has to be replaced. 

6. Conclusion 

 In this study, a condition monitoring method was developed using a diagnosis system to 

detect and warn of rolling element-bearing failures. As an indicator signal, the system utilizes 

vibration. Furthermore, a time-domain study was carried out. The data acquired was accessed 

in MATLAB. Features were extracted and ranked with the help of a Diagnostic Feature 

designer and then exported to the Classification learner Application to train different models, 

and the Remaining Useful life was estimated. The succeeding suppositions can be drawn: 

 

(1) Kurtosis is ranked on top among the four features extracted. 

(2) For vibration analysis of rotating equipment, time domain features are the Most 

Significant. 

(3) Quadratic discriminant analysis has the highest accuracy among all other models 

trained. 

(4) The remaining useful life was estimated and found that after 48 days, a fault was 

in the developing stages.   
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