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Abstract 

Condition monitoring of machine health via analysis of vibration, acoustic and other signals offers 

an important tool for reducing the machine downtime and maintenance costs. The key aspect in 

this process is the ability to relate features derived from the recorded sensor signals with the 

physical condition of the monitored asset in real time. This paper uses simple machine learning 

techniques to examine the ability of specific time-domain features obtained from vibration signals 

to predict the progression of surface distress in lubricated, rolling-sliding contacts, such as those 

found in rolling bearings and gears. Controlled experiments were performed on a triple-disc rolling 

contact fatigue rig using seeded-fault roller specimens where micropitting damage was generated 

and its progression directly observed over millions of contact cycles. Vibration signals were 

recorded throughout the experiments. Features known as condition indicators were then extracted 

from the recorded time-domain signals and their evolution related to the observed physical state 

of the associated specimens using simple machine learning techniques. Five time-domain  

condition indicators were examined, peak-to-peak, root-mean-square, kurtosis, crest factor and 

skewness, three of which were found not to be redundant. First, a classification model using KNN 

nearest neighbor was built with the three informative condition indicators as training data. The 

cross-validation results indicated that this classifier was able to predict the presence of micropitting 

damage with a relatively high precision and a low rate of false positives. Secondly, a k-means 

clustering analysis was performed to measure the significance of each condition indicator by 

leveraging patterns. The peak-to-peak condition indicator was found to be a good predictor for 

progression of micropitting damage. In addition, this indicator was able to distinguish between 

micropitting and pitting failure modes with a high success rate. Finally, the condition indicator 

response was correlated with the predicted damage state of the test specimen obtained through an 

existing physics-based surface distress model in order to illustrate the potential of hybrid models 

for improved prognostics of damage progression in rolling-sliding tribological contacts. 
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1. Introduction  

Operational lifetimes of machine elements, such as rolling bearings and gears, are usually limited 

by the development of surface damage in the highly stressed, concentrated contacts that are formed 

between rolling elements and raceways or between gear teeth. Given their ubiquitous use in 

rotating machinery, failure of these machine elements is detrimental to the overall reliability of 

many mechanical systems. Thus, the ability to identify incipient damage in rolling contacts and 

subsequently predict their remaining useful lifetime, can significantly contribute to reduced 

maintenance and downtime costs and improved performance and safety of many machines.  

Historically, rolling contact fatigue, leading to spalling or pitting, has been considered the 

dominant failure mechanism in rolling bearings. Standard bearing life models combine the 

physical understanding of this phenomena with statistical parameters derived from controlled tests 

on a large population of rolling element bearings [1,2]. This approach to bearing life predictions 

is the de-facto standard in today’s bearing industry. However, such predictions are only applicable 

to new bearings and for an assumed set of operating conditions; they are unable to predict the 

remaining useful life of an installed bearing once damage starts to develop, or account for actual 

real-time operating conditions.  

In an attempt to address these shortcomings, the current health of an installed bearing can be 

monitored in real time by recording appropriate signals such as vibration, sound or friction. The 

apparent trends in these signals can then be used to assess the current health state of the bearing. 

In addition, models can be derived to utilize historical condition monitoring data to predict future 

behavior within some statistical variability limits. Such prognostic models can generally be divided 

into data-driven and physics-based approaches. Data-driven models apply statistical techniques to 

the data sets obtained from the online condition monitoring sensors to identify the presence and 

location of a fault and attempt to predict the remaining useful life of the component. Typical 

examples of data-driven methods are demonstrated in references [3–8]. Physics-based models 

estimate the remaining life based on the physical understanding of the operation of the component 

being monitored and the relevant failure mechanisms. Examples of physics-based approaches can 

be found in references [9,10]. 

Both approaches have their shortcomings. Data-driven methods do not include any physical 

understanding of the failure mechanism that may be responsible for the identified fault; without 

this knowledge it is very difficult to predict the progression of damage and hence the remaining 

useful life. Physics based approaches do not necessarily take into account the current condition of 

the component in real time and their application is often not practical, especially for complex 

systems. It is therefore not surprising that combining data-driven and physics-based approaches 

has received significant attention within the field of bearing lifetime prognostics. For example,  

Bolander et al. [11] correlated data-driven features extracted from online sensors with a spall 

propagation model applied to a thrust bearing in a helicopter tail rotor gearbox. Results showed 

remaining useful life (RUL) capabilities are possible by mapping different responses through a 
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data fusion fuzzy logic technique. He et al. [12] provided an integrated prognostic approach using 

a particle-filtering algorithm to estimate the RUL using Dempsey et al. [6] spiral bevel gear 

datasets. 

It is notable that currently proposed bearing damage predictive models rarely demonstrate the 

performance of their predictions relative to actual observed damage progression or actual observed 

bearing life time data. In addition, they almost exclusively focus on relatively large damage, on 

the scale of contact size, such as pitting or spalling. However, due to ongoing trends of reducing  

oil viscosities and increasing power densities, both of which lead to reduced lubricant film 

thicknesses and associated increase in metal-to-metal contact, modern machine elements often fail 

through damage initiated at roughness asperity contacts. Perhaps the most important type of such 

asperity contact initiated damage in bearings and gears is micropitting [13,14]. Micropitting occurs 

through rolling contact fatigue caused by the cyclic stresses on the surface asperity level, as distinct 

from pitting which occurs due to cyclic Hertzian stress on the contact level and results in pits that 

are comparable in size to the contact size. Micropitting results in small and shallow surface pits, 

tens of microns in size, which are formed through crack initiation, propagation and eventual 

detachment of a small volume of material. Hence, micropitting occurs in contacts with low specific 

film thickness (ratio of oil film thickness to surface roughness) and relatively low Hertzian contact 

stress. If left unchecked, it progresses steadily to cover a large area of the working surface of the 

component and can ultimately lead to a complete component failure necessitating machine 

shutdown and repair. 

With this in mind, this paper aims to assess the effectiveness of selected data-driven condition 

indicators (CIs) obtained from vibration signals for detection of micropitting damage in rolling-

sliding contacts, under conditions pertinent to rolling bearings. Furthermore, the paper also 

attempts to assess the ability of the said condition indicators to distinguish between micropitting 

and pitting damage. Finally, in order to explore the possibility of predicting remaining useful life 

of components suffering micropitting damage, the changes in the condition indicators over time 

are correlated with predictions of micropitting damage progression over the same period obtained 

using an existing physics-based micropitting model.  

In order to be able to qualitatively assess the effectiveness of the considered statistical parameters 

in prediction of micropitting, the vibration datasets used in the present analysis were obtained 

during controlled experiments where micropitting was generated and its progression observed so 

that the exact health sate of the specimen corresponding to the recorded vibration signal is known. 

By correlating the observed extent of micropitting to the changes in the values of the derived 

statistical parameters, the effectiveness of these parameters to describe the observed progression 

of damage can be evaluated. The benefits of this approach in terms of establishing confidence in 

the ability of any particular parameter to predict micropitting are obvious. Despite the fact that the 

condition monitoring signals from real machines, which usually contain a large number of machine 

elements, are much more complicated than those analyzed here, the assessment presented provides 
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useful insight into feasibility of using data-driven time domain condition indicators for detection 

of micropitting in real machines. 

 

2. Experimental and Theoretical Methods  

This section describes the statistical techniques employed in the analysis of the present vibration 

signals, the experimental set-up used to generate the micropitting damage under controlled 

conditions and finally, the means by which the present vibration data was acquired during these 

experiments.  

2.1 Time-Domain Analysis of Sensor Data 

Condition monitoring using vibration analysis is the basic tool for fault diagnostics, and is widely 

used in various fields [15–19]. Condition Indicators (CIs) are data-driven features, extracted from 

sensor data using different signal processing methods. They are sensitive to faults and are related 

to different physical processes or events such as force changes, presence of debris, shock-pulse, 

and temperature changes. The time-domain analysis is the simplest vibration analysis method to 

extract features through direct calculation from the signal. CIs extracted using this method are 

generic in that they describe the overall condition of a machine. Frequency-domain analysis, in 

which the time signal is mapped to the frequency domain through application of Fast Fourier 

Transforms, is a widely-used alternative method for processing vibration signals from rotating 

machinery and is generally considered to have better diagnostic capabilities. Features extracted in 

frequency domain can be directly related to the specific rotating components. Other signal 

processing methods, such as advanced enveloping or wavelet analysis, combine the two 

approaches in a time-frequency analysis that characterizes the signals in both time and frequency 

domains simultaneously [20].  

To be effectively characterized by the acquired signal, surface defect size has to be sufficiently 

large, so that when it is over-rolled during the passage of the contact it creates a pulse-like 

excitation in the signal. Ongoing scientific efforts are advancing the ability of time-frequency 

approaches for early fault detection from transient signal characteristics [15,20,21]. Although 

robust CIs can be extracted from the signals to detect micro-size defects using these approaches, 

they still suffer from low frequency noise compared to the actual signal. In contrast, despite their 

simplicity, time-domain CIs have been shown to be able to provide overall information on micro-

size faults. When combined with appropriate machine learning techniques, these approaches can 

detect significant patterns related to micro-faults within the contact and hence help with fault 

detection. Since this work is concerned with detection and prediction of micropitting damage 

which consists of small pits on micro-contact level, time-domain CIs are employed here.  
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A total of five time-domain features of the vibration signal are investigated as the CIs: root-mean 

square (RMS), crest factor (CF), kurtosis, skewness and peak-to-peak. Detailed mathematical 

description of these common parameters can be found in related literature [21,22], only the basic 

definitions are described here. These CIs provide measures of a range of properties of the analyzed 

signal.  

The RMS value is a measure of power in the signal and a good indicator of the overall vibration 

levels [16–19]. RMS is defined in equation (1). 

                                                     𝑅𝑀𝑆(𝑥𝑖)  =  √
1

𝑁
 ∑ 𝑥𝑖

2𝑁
𝑖=1                                                         (1) 

Where xi is the amplitude of the signal at discrete time step i, with N being the total number of 

points in the dataset. 

Kurtosis, along with other higher moments of distribution, is better suited to detection of localized 

faults than RMS [16–19]. Kurtosis is defined as follows: 

                                                           K=
1 

𝑁
(𝑥i -𝜇)

4                                                                            (2) 

where K is the kurtosis and 𝜇 is the mean of the signal. 

The peak-to-peak value of a vibration signal is useful in detecting impulse signals and is sensitive 

to incipient faults. Peak-to-peak is defined as the difference between the largest positive and the 

largest negative value in a given signal. 

The Crest Factor (CF) is mathematically defined as the ratio of peak level (PL) to RMS value 

(Equation 4), where the PL is half the difference between the maximum and minimum amplitude 

of the time-domain signal (Equation 3). CF is sensitive to impulse changes in the vibration signal. 

In general a CF above 1.5 indicates a local defect [16–19].  

 

                                                PL= 
1

2
(max (xi) – min (xi))                                                               (3)                                                                                                           

                                                      CF = 
𝑃𝐿

𝑅𝑀𝑆
                                                                                 (4)  

Finally, skewness measures the asymmetry of the distribution around the mean, and is defined as 

follows: 

                                                       Xskew = 
1

𝜎3
(

1

𝑁
 ∑ (𝑥𝑖

𝑁
𝑖=1 − 𝜇)3)                                                         (5)                                                                                  

Where Xskew is skewness and 𝜎 is the standard deviation of the signal. 
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2.2 Data Mining Diagnostic Model 

Data mining is the process of extracting hidden patterns, correlations and useful information from 

datasets using statistics and machine learning techniques. The results are used to make predictions 

or calculated suggestions about responses and future outcomes [23]. For example, it is possible to 

make predictions about the damage progression of a monitored system using predictors learned 

from vibration data via machine learning algorithms. 

In this work, a data mining diagnostic approach is utilized to maximize information from the 

chosen CIs, and characterize the existing fault through de facto relationships. Machine learning 

algorithms can be broadly classified into supervised and unsupervised. Supervised learning is used 

for building and training classification or regression models based on existing labels. On the other 

hand, unsupervised learning models do not provide predictions, but transform the overall structure 

of the data for better leveraging patterns and understanding of the data. In this work, two machine 

learning approaches are applied to the chosen  time-domain CIs: (1) k-nearest neighbor and (2) k-

means clustering. 

2.2.1 KNN Nearest Neighbor Classifier 

The K-nearest neighbor (KNN) is one of the simplest and most widely used classification 

algorithms in machine learning [5,23]. KNN is a non-parametric i.e. it makes no assumptions 

on the underlying data distribution, and robust learning classifier. It requires no or minimal 

training but this comes at an increased computational costs during testing as the complete data 

set needs to be considered to produce the required class prediction. Given some labeled data 

set (Xi, Yi), where Xi is the feature (condition indicator) and Yi is the associated class or label 

(‘damage’, ‘no-damage’ in the present case), the KNN algorithm captures the relationship 

between X and Y, so that given some new, previously unseen feature, X’, the corresponding 

label, Y’ can be predicted with a suitably high confidence. The assigned label is simply the 

most common one amongst the K nearest neighbors of the point being considered, where K is 

a positive integer. The classes of the neighbors are known in advance from the dataset so that 

the class, Y’, of the new feature point can be predicted on this basis. The algorithm essentially 

establishes boundaries between classes in the feature space, which is then used to assign a class 

(label) to any new point of interest. Figure 1 shows a schematic of how the KNN algorithm 

works on a given data set and how the unknown class of the point of interest is predicted, with 

K = 3 in this particular example. In the present work, the Xi values are the values of the selected 

condition indicator (peak-to-peak, kurtosis etc.) and the Yi  labels are ‘damage’ and ‘no-

damage’. 

 The algorithm follows these basic steps: 

1. The Xi values in the dataset are normalized on the scale 0 to1. 
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2. The K value, the number of nearest neighbors used in predictions, is chosen. This can be 

optimized to minimise the classification error. 

3. The Euclidean distances, Di between the new data point (𝑋′) for which the classification 

Y’ is being sought and existing points (Xi) in the training set are calculated: 

                                           𝐷𝑖(𝑋𝑖, 𝑋′) = √(𝑋𝑖 − 𝑋′ )2                                                                    (6)  

4. The computed Di distance values for all training points Xi are ranked and the K-nearest 

neighbors to the point of interest X’ are identified as those having the smallest distance Di. 

Figure 1 makes this process clear; here K=3 and the 3-nearest neighbors are those that lie 

within the circle (‘decision boundary’), two of them having the label ‘+’ and one the label 

‘-‘. 

5. Finally, the predicted class label, Y’ for the point of interest, X’ is obtained by a majority 

vote of its nearest neighbors. For example, in Figure 1, the label ‘+’ would be assigned to 

the point of interest.  

 

Figure 1. An illustration of how KNN algorithm works. Left: Training dataset (Xi, Yi) and the point 

for which prediction is being sought (X’, Y’); Right: Predicting an unknown label based on the 

majority vote of K nearest neighbors (In this particular example K=3 and the assigned label based 

on the majority vote of K-nearest neighbors would be ‘+’)  

 

The KNN algorithm produces the desired predictions, Y’ for any set of test points X’. However, 

it provides no information on the accuracy of those predictions. In order to evaluate the 

accuracy of the KNN predictions, a k-fold cross-validation is commonly applied [23] (Note 

that ‘k’ is unrelated to ‘K’). This is a simple technique that consist of partitioning the dataset 

into k approximately equally sized groups (folds) and then using k-1 of those for ‘training’ the 

KNN algorithm and the remaining group for ‘validation’ i.e. class predictions, Y’ are made for 

Xi

(for example, peak-to-
peak CI values in the 

present study)

Yi

(for example 
‘damage’, ‘no-

damage’ classes in 
the present study)

X1 +

X2 +

X3 -

⁞ ⁞

Xn +

X’ 
(new values for which 

class prediction is sought)

Y’
(class to be 
predicted)

X1’ ?
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each X’ observation in this last group. The classification error rate of the KNN classifier can 

then be calculated by comparing the predicted, Y’, and the actual, Y, class for all points in the 

validation group. This procedure is repeated k times, where a different group is used for 

validation each time. This then results in k separate estimates of the classification error rate, 

from which the mean classification error rate can be calculated. The dataset is shuffled 

randomly prior to partitioning into k groups. In the present study the k-fold cross validation 

with k=10 is applied to evaluate the accuracy of the KNN classifier.  

All machine learning analyses in this work were generated using WEKA [24], which is a Java-

based GUI software with a suite of open source machine learning tools. 

 

2.2.2 K-means Clustering 

The k-means clustering is a machine learning technique used to reveal patterns in the dataset by 

grouping the data points into k clusters so that each observation belongs to a cluster with the nearest 

mean. Note that ‘k’ in k-means clustering is unrelated to ‘K’ in K - nearest neighbor or k-fold 

algorithms used earlier. Given a set of observations Xi, k-means partitions the dataset in k clusters 

Cj each with a mean, mj, which minimizes the ‘within the cluster sum of squares’ based on 

Euclidean distances i.e.: 

     min
𝐶

∑ ∑ ‖𝑋 − 𝑚𝑗‖
2

𝑋∈𝐶𝑗

𝑘
𝑗=1               (8) 

 

An iterative refinement technique is usually used to establish the clusters. The approach is 

illustrated graphically in Figure 2 using an example with three clusters. The first step is to guess 

the mean of each cluster (m1, m2, m3) (Figure 2a). All data points are then assigned to the cluster 

with the nearest mean so that the square Euclidean distance is minimized as per Eq. 8. The means 

of each cluster are then updated to be equal to the centroids of the data points currently in that 

cluster (Figure 2b). The data assignment and mean update steps are repeated until the assignment 

of each point does not change any more at which point clusters and their centroids are finalized. 
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(a) Illustration of the assignment step in k-means algorithm: Assign all data points Xi  to the 

nearest mean m1, m2 or m3 (means are guessed on the first iteration). 

 

(b) Illustration of the update step in the k-means algorithm: Calculate the new mean of each 

cluster to be the centroid of all data points currently in that cluster.  

Figure 2. A schematic illustration of the iterative k-means clustering algorithm. The steps in a and 

b are repeated until the assignment of data points does not change any further i.e. the clusters are 

finalized. 
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2.3 Experimental Set-up and Acquisition of Sensor Data 

This section describes the experimental methodology used for the micropitting tests and the 

manner in which vibration signals are recorded during these tests.  

2.3.1 The Micropitting Rig  

Micropitting tests were conducted using a PCS Instruments Micropitting Rig (MPR) illustrated in 

Figure 3. This set-up has been proven to provide reliable rolling contact fatigue results for both 

pitting [25] and micropitting [14,26] surface damage under closely controlled contact conditions. 

Crucially, unlike in real machines, this set-up allows for detection of fatigue damage at very early 

stages, when fatigue cracks are only tens of microns in length, and monitoring of subsequent 

progression of damage over time [25], which is necessary in this study in order to provide labeled 

data for the prediction algorithms.  

The rig uses a triple contact design whereby the central roller test specimen is in contact with three 

counterface discs, so that the test roller experiences three contact cycles per revolution. This 

increases the rate with which the load cycles are accumulated in the test roller and means that the 

fatigue tests can be performed in a reasonable time. The specimen arrangement inside the test cell 

is shown in the photograph in Figure 1. Load is applied to the roller specimen through the top disc 

using a motorized loading arm. The three counterface discs are located 120° apart which results in 

an equal reaction force at each of the three contacts. The roller and the discs are driven by separate 

motors so that any slide-to-roll ratio can be imposed. Oil is introduced in the test chamber so that 

the three contacts are lubricated through dip-lubrication. The oil bath is temperature controlled. 

  

 

Figure 3. General layout of the micropitting rig (MPR) (Left). Inside of the MPR test chamber with 
the central test roller, the three counterface discs and temperature probe (Right). An 

accelerometer is screwed into the top of the test chamber casing. 
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2.2.2 Methodology 

The specimens used in this study were 12 mm diameter chamfered test rollers and plain counter-

face discs, where the disc diameter in the rolling direction was 54.15 mm. The specimens are 

shown in the photographs in Figure 4. Owing to this specimen geometry, a line contact is formed 

between the roller and the discs with 1 mm width transverse to rolling direction. The contact width 

in the rolling direction is determined by the applied load. Both the roller specimen and counterface 

discs were made of through-hardened AISI 52100 steel. The steel hardness was 700-720 HV and 

750-800 HV for the roller specimen and counterface discs respectively. Both the roller specimen 

and counterface discs had a circumferentially ground surface finish with roughness of 

approximately Ra = 120 nm. 

 

 

 

Figure 4. Photographs of Micropitting Rig test specimens: chamfered test roller specimen (left) 
and counterface disc (right) 

Three experiments were conducted to monitor micropitting damage. One of these was run with 

standard fresh rollers. The other two tests were run with accelerated micropitting on the rollers 

which was achieved through introducing surface indentation (seeded-faults) prior to running the 

tests. Vickers (test 2) or Brinell (test 3) hardness indenter was used to introduce a single dent in 

the roller surface. The resulting Brinell indent is shown in Figure 5. A custom made oil consisting 

of PAO 5 base oil and ZDDP antiwear additive (0.1 wt% P) was used in all tests. The anti-wear 

additive was introduced in order to minimize wear of the MPR specimens which is known to have  

an effect on micropitting and pitting behaviour through its influence on wearing-in and hence 

asperity stresses [27,28]. Minimizing wear also means that the contact pressure remains constant 

throughout the test. The complete test conditions for the three tests are shown in Table 1. 
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Figure 5. Surface profile measurement of Brinell indentation in the roller specimen of Test3 using 
Veeco WYKO optical surface profilometers 

 

Table 1. MPR Test conditions: p0 is the maximum Hertz pressure, SRR is defined as the ratio of 
sliding speed to entrainment speed (where the entrainment speed is the mean of the two rolling 

speeds and the sliding speed is defined as roller speed – disc speed i.e. negative SRR means that 
the roller is slower), and ‘lambda ratio’ is the specific oil film thickness (i.e. minimum film 
thickness, calculated using Dowson and Hamrock equation, divided by the compound Ra 

roughness) 

Test Lubricant 
Load 

[N] 
p0 [GPa] T oil [°C] 

Entrainment 

speed [m/s] 
SRR 

Minimum 

film 

thickness 

[nm] 

Lambda 

ratio 

 

Indentation 

1 PAO 5 + ZDDP 1200 3.0 70 3.8 -0.05 75.37 0.34 No 

2 PAO 5 + ZDDP 535 2.0 50 3.8 -0.05 94.86 0.42 Vickers 

3 PAO 5 + ZDDP 535 2.0 50 3.8 -0.05 116.77 0.52 Brinell 

 

During the test, the progression of micropitting damage was documented as labels with 

photographs taken at different inspection intervals (Table 2). The number of time steps specified 

in Table 2 represents the total number of instances that the chosen CIs were acquired for this test. 

As an example, Figure 6 shows the observed progression of micropitting damage for test 3 where 

a Brinell indent was employed. As was expected, localized micropitting is visible around the 

indentation relatively early in the test (Figure 6a, 2.122 million cycles). This early localized 

damage around the indent is likely to be due to higher stress in this region and localized disruption 

to EHD film due to passage of indentation, resulting in local reduction in lambda ratio and 

consequently higher asperity stresses. With subsequent running, this damage spread around the 

indent and at 22.807 million contact cycles it is seen to span the whole width of the running track 

(Figure 6c).  
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Table 2. Summary of micropitting progression in Test 3. (The number of time steps in column 3 
corresponds to the number of instances CIs were obtained from the vibration data recorded 

during this test). 

Step 
Contact 
cycles 
x106 

Time Steps 
Cumulative 

contact cycles 
x106 

Comments 

1 2.1220 114 2.1220 Negligible damage 

2 3.1840 175 5.3060 
Micropitting damage spreads around 

indentation 

3 16.9810 930 22.2870 
Micropitting damage spreads further and 
covers most of the specimen surface. Test 

stopped. 

 

  

Figure 6. Observed progression of micropitting damage around the indentation in roller specimen 
in Test 3. a) 2.122 million cycles b) 5.826 million cycles c) 22.807 million cycles. 

2.2.3 Vibration Data Acquisition 

A PCB Piezotronics M353B16 accelerometer is fitted to the top of the test chamber casing (Figure 

3) which enables monitoring of vibration data throughout the test. The frequency range of the 

accelerometer is 0.35 – 30000 Hz (±3 dB). A relatively high sampling rate (fs) of 100 kHz has 

been set to extract all dynamics that represent the system. In this work, the rotation frequency of 

the roller element is 100 Hz, and a single acquisition of 200 revolutions is collected every 2 

minutes. This is equivalent to a measurement time of two seconds. Table 3 summarizes the data 

acquisition parameters during the micropitting tests. 

Table 3. MPR vibration data acquisition parameters 

Parameter Value 

Sampling rate, fs 100 kHz 

Sample Measurement Time 2 s 

Number of Samples 106 samples 

 

A B C 

400 µm 400 µm 400 µm 

Contact motion Friction force 
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3. Results 

3.1 Feature Extraction  

Trending of peak-to-peak, kurtosis, skewness and RMS CIs for the micropitting test 3 until the end 

of run time are presented in Figure 7. Given the rate of progression of micropitting damage 

observed in this test (see Table 2 and Figure 6) it can be said that peak-to-peak and skewness show 

a relatively good sensitivity to the micropitting damage, steadily increasing over the test duration. 

Kurtosis also shows a level of correlation with damage progression, steadily decreasing over the 

test time indicating that damage is being more spread as opposed to localized, while the RMS of 

the signal is shown to be a particularly poor indicator of micropitting damage.  

Prior to applying data mining techniques described in the previous section, an important 

preprocessing step is applied to check the uniqueness of the selected CIs to see if any provide 

redundant information. This is done by applying a correlation analysis between CI pairs to 

determine if strong linear correlations exists. To this aim, a cross-plot matrix for the CI pairs is 

illustrated in Figure 8. It is apparent that relatively strong correlation seems to exist between 

kurtosis and crest factor CIs as well as between peak-to-peak and skewness CIs. Correlation 

coefficients, r, were calculated for all pairs of the chosen CIs. Strong linear correlation was defined 

as r ≥ 0.8, in which case redundancy exists since one CI can be used to predict the other. The 

calculated correlation coefficients between kurtosis and crest factor CIs and between peak-to-peak 

and skewness were 0.9 and 0.81 respectively. Consequently, crest factor and skewness were 

removed from further analysis, since their values yielded similar information to that contained in 

the corresponding kurtosis and peak-to-peak. On the other hand, RMS, kurtosis and peak-to-peak 

CIs were found to have minimum correlation, r ≤ 0.5, and were therefore used as independent 

inputs to build, train and test the proposed predictive model. 
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Figure 7. Trending of four time-domain condition indicators for micropitting Test 3 
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Figure 8. Cross plot matrix examining existence of correlation between peak-to-peak, crest factor 
(CF), root-mean-square (RMS), kurtosis and skewness condition indicators. 

Independent (red circle) and dependent (blue circle) condition indicators 
 

 

3.2 Assessing the Effectiveness of the Selected CIs in Classifying the 

Health State of the Roller Using the KNN Algorithm 

This section will assess the ability of the KNN classifier based on the three selected time-domain 

CIs namely, the peak-to-peak, RMS and kurtosis, to predict the health state of the roller. The health 

state is characterized with class labels ‘no-damage’ and ‘micropitting damage’. The details of the 

general KNN algorithm with k-fold cross validation were described in the methods section so only 

the aspects relevant to this specific implementation are described here. The KNN algorithm with 

four nearest neighbors is applied separately to the RMS, peak-to-peak and kurtosis CIs obtained 
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from all three tests, and 10-fold cross validation is used to assess its prediction performance. The 

CIs obtained for the dataset were first normalized on a scale 0 to 1. The data from all three tests is 

then combined and KNN algorithm applied separately for each CI. Combination of data from all 

three tests is possible since the same failure mechanism of micropitting is taking place. The 

complete dataset for each CI is randomly divided into 10 groups of approximately equal size. Nine 

of these are used for training the classifier and the 10th for the validation of the classifier. The 

procedure is repeated 10 times, where each time a different group is used for validation and the 

other nine for training. Therefore, the procedure results in 10 estimates of the classifier error which 

can then be used to calculate the average error and prediction precision. 

Table 4 shows the obtained performance metrics when predicting the roller health state using the 

selected CIs. The overall precision in predicting the presence of micropitting damage was over 

80%, while the ‘no-damage’ health state was predicted correctly 96% of time. The false positive 

rate, i.e. predicting ‘micropitting damage’ when in fact there was ‘no-damage’ on the roller, is less 

than 2%, indicating that the approach would result in relatively infrequent false alarms. These 

numbers suggest that the three selected CIs, peak-to-peak, RMS and kurtosis, can provide a 

reasonably good prediction for the presence of micropitting damage when used with a KNN 

algorithm. 

Table 4. Performance metrics of KNN classifier using dataset for all three time-domain condition 
indicators 

Correlation Coefficient: r  0.80 

Precision: 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

 

95 % 

Mean Absolute Error: 

𝑀𝐴𝐸 =  
1

𝑁
 ∑|𝑌𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 − 𝑌𝑎𝑐𝑡𝑢𝑎𝑙|

𝑛

𝑖=1

 

 

0.05 

Root Mean Square Error:  

𝑅𝑀𝑆𝐸 =  √
1

𝑁
 ∑(𝑌𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑

2 − 𝑌𝐴𝑐𝑡𝑢𝑎𝑙
2

𝑛

𝑖=1

) 

 

0.19 

Averaged True Positive Rate (Sensitivity) 0.85 

Averaged True Negative Rate (Specificity) 0.17 

Total Number of Instances 1951 

 

 

However, one possible drawback of using cross-validation is its potential for overfitting, since the 
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same overall dataset is used for training and validation. To evaluate the proposed KNN classifier 

more rigorously, an alternative validation approach is to train the classifier using the dataset from 

only one of the experiments and then test it on the dataset from a separate experiment. The training 

and testing datasets can then be swapped around and process repeated. This approach was applied 

here using datasets from experimental Tests 1 and 3 with the same KNN algorithm and peak-to-

peak, RMS and kurtosis CIs. This revealed that the CI data from experiment 3 is a relatively good 

predictor of the damage state observed in experiment 1, with the correlation coefficient being 0.78, 

but the CI dataset from experiment 1 was not a good predictor for experiment 3 with the correlation 

coefficient being 0.29 in this case.  
 

3.3 Assessing the Effectiveness of the Selected CIs in Classifying the 

Health State of the Roller Using Cluster Analysis 

The k-means algorithm described earlier was used to perform clustering analysis with the aim of 

finding new patterns within the data set. Additional objective of clustering analysis was to rank 

the importance of different CIs based on the cluster patterns and their corresponding centroid 

values. 

The challenge when using k-means is the optimum choice of the number of clusters, k, which 

would yield the best accuracy and maximum information gain. With this in mind, Figure 9 

illustrates the ‘within cluster sum of square’ values for different number of clusters for Test 3. It 

is evident that the ‘within cluster sum of squares’ value drops quickly from 1 to 3 clusters but stays 

relatively steady as the number of clusters increases further indicting that the information gain is 

steadying from 3 clusters onwards. Therefore, three clusters (denoted clusters 0, 1, and 2) were 

chosen to perform the present analysis. 

The values of the three selected CIs, RMS, kurtosis and peak-to-peak, were first normalized and 

then cluster analysis was performed to build the three clusters with each CI. In all cases, the clusters 

are evaluated from the entire data set from each MPR test. 

 

Figure 9. ‘Within Cluster Sum of Square’ plot for different number of clusters formed using the k-means 

algorithm for the peak-to-peak CI from the dataset of Test 3. 
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Table 5 shows the properties of the three clusters obtained from Test 3 data. The data shows the 

relative size (the proportion of total data points contained within the cluster) of each of the three 

derived clusters and the mean values of the three CIs in each cluster. The damage state (‘no-

damage’ or ‘micropitting’) observed during this test is also indicated in the last row of table so that 

the trend in the cluster centroid values of each of the three predictors (CIs) with the damage state 

is apparent. The data reveals that the peak-to-peak CI clustering provides the clearest indication of 

the damage state of the roller specimen, while kurtosis and RMS show somewhat weaker trends.  

To illustrate this more clearly, the clustered data of the peak-to-peak CI for Test 3 is plotted in 

Figure 10. The changes in peak-to-peak clusters during the damage progression on the roller are 

easily apparent in this figure. Results in Table 5 and Figure 10 are also in line with results presented 

in Figure 7 that showed trending of peak-to-peak with increasing micropitting damage.  

The k-means cluster analysis performed here reveals data patterns that can be used for 

classification of the roller status, namely: if the peak-to-peak vibration signal data happens to 

belong to cluster 0, this is a good indicator that micropitting is present, if it belongs to cluster 1, it 

is likely that no damage is present, while belonging to cluster 2 indicates that transition from no-

damage state to micropitting state is taking place. 

 

Figure 10. Map of the three clusters formed from the peak-to-peak condition indicator for Test 3 using the k-

means algorithm 
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Table 5. Significant values of each of the three clusters obtained from the vibration data for Test 3 

 Cluster 0 Cluster 1 Cluster 2 

Relative size of 

cluster 
41% 39% 20% 

RMS centroid 0.1505 0.1786 0.1517 

Kurtosis centroid 0.0538 0.6372 0.2465 

Peak-to-Peak 

centroid 
0.6378 0.1936 0.4348 

Damage State Micropitting No damage 
No damage 

Micropitting 

 

 

3.4 Assessing the Effectiveness of Condition Indicators to 

Distinguish Between Different Damage Types 

The objective of this section is to evaluate the effectiveness of the selected time-domain condition 

indicators to distinguish between different types of damage present on the roller specimen. To 

conduct this investigation, the data set from Test 1 is used in which both micropitting and pitting 

occurred. The observations from this test are summarized in Table 6 and Figure 11. 

 

Table 6. Summary of observations made during Test 1 

Step 
Contact 

cycles x106 
Cumulative contact 

cycles x106 
Comments 

1 0.530 0.530 No damage 

2 4.0870 4.6170 Surface cracks and areas of micropitting. Vibration 
increasing due to micropitting. 

3 0.9960 5.6130 Micropitting progresses and vibration increasing. 

4 3.9440 9.5570 Micropitting progresses and vibration increasing. At the 
end of step 4 rig stopped due to a spall.  

5 0.2650 9.8220 Rapid propagation of spall. Test stopped 
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Figure 11. Photos showing progression of damage on the roller specimen in Test 1. Times at 
which photos were taken correspond to steps 1 to 4 described in Table 6: a) 0.530 million cycles 

b) 4.6170 million cycles c) 5.6130 million cycles d) Spall at 9.5570 million cycles. 

 

The cluster analysis above showed peak-to-peak CI to be a good predictor of micropitting so this 

particular CI was considered for this investigation too. The trending of peak-to-peak value during 

Test 1 is shown in Figure 12 where an increasing trend during micropitting progression is 

evident followed by a sharp rise when the pit is formed. 

 
Figure 12. Trending of the peak-to-peak condition indicator recorded for Test 1 (see table 6 

and Figure 11 for details of damage progression observed during this test) 

 

Similar approach as before, namely the KNN classification with four nearest neighbors and a 10-

fold cross validation is performed using the peak-to-peak CI from Test 1. The class labels being 

predicted in this analysis are ‘micropitting’, ‘spall’ and ‘no-damage’. Table 7 summarizes the true 

positive rate (TPR) and false positive rate (FPR) obtained from the confusion matrix, as well as 
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the resulting precision achieved for each of the three labels. The confidence level in the absolute 

values of TPR, FPR and precision is obviously limited due to the fact that only a single example 

of each of the classes, ‘no-damage’, ‘micropitting’ and ‘spall’ is contained in the data. However, 

the general trend indicates that the achieved rate of true positives is high with a relatively low false 

positive rate. The small sample size clearly also results in overfitting which is apparent in the high 

precision obtained. These drawbacks can be corrected by adding more data samples corresponding 

to each of the three classes considered and by training additional condition indicators. 

Notwithstanding these limitations, the initial assessment provided here suggests that the time-

domain peak-to-peak CI shows promise in its ability to distinguish between micropitting and 

pitting failures. 

 

Table 7. True positive rate (TPR), false positive rate (FPR) and precision obtained when predicting 
‘no-damage’, ‘micropitting’ and ‘spall’ states of the roller using peak-to-peak CI from Test 1 for 

training and cross-validation 

 

TPR 

 
𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔

𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 + 𝑭𝒂𝒍𝒔𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔
 

FPR 

 
𝑭𝒂𝒍𝒔𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔

𝑭𝒂𝒍𝒔𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 + 𝑻𝒓𝒖𝒆  𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔
 

Precision 

 
𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔

𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 + 𝑭𝒂𝒍𝒔𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔
 

 

Class 

0.61 0.03 0.57 
No 

damage 

0.96 0.26 0.97 
Micropit

ting 

1 0 1 Spall 

Weighted 

Average 
0.94 0.24 0.95  

 

 

 4. Correlation between Machine Learning Predictions and a 

Physics-Based Micropitting Model  

The analyses presented above used machine learning techniques to establish the current health 

state of the monitored component. However, the ultimate aim of a complete condition monitoring 

approach is to predict the remaining useful life of a component given its current health state. To 

achieve this, some means of predicting the progression of damage once the current state has been 

diagnosed is needed. This can potentially be achieved through a hybrid approach where the 

machine learning is combined with the application of a physical model designed to simulate the 

particular damage mechanism identified to be present. A basic attempt is made here to illustrate 

the potential of such an approach. The existing physical model of micropitting due to Morales-
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Espejel et al [29] will be used for this purpose. This model has already been shown to successfully 

predict the early stages of micropitting damage development around an artificial indent [30]. Here, 

it will be used to predict more advanced surface distress progression that was observed in the MPR 

experiments where micropitting covered the whole of the roller running track around the indent.  

For the full description of this micropitting model the reader is referred to reference [29]; only a 

short summary is included here for the sake of completeness. The model calculates contact fatigue 

damage in rolling-sliding lubricated contacts arising from Hertzian macro contact stress-cycles 

and roughness micro contact stress-cycles, including the effect of mild wear of surface asperities 

on roughness related stresses. The result is a continuously evolving surface damage map, showing 

the location of micro-pits on the contacting surfaces, thus allowing the micropitted area to be 

predicted as a function of simulated load cycles.  

 

 

Figure 13. Schematic flow-chart of the physical model for micropitting used here, adapted from 

[29] 

The model assumes homogenous, elastic-perfectly plastic material and mixed elastohydrodynamic 

lubrication conditions (EHL). Figure 13 shows the flow chart of the model. First, operating 

conditions and lubricant rheology parameters are entered along with representative measured 3D 

topography maps of both contacting surfaces. A fast, isothermal non-Newtonian (Eyring) mixed 

lubrication model described in [31] is used to calculate the stress history per load cycle of each 

surface point by solving the problem at different time steps as the surfaces slide-roll against each 

other. This approach of modelling micro-EHL conditions determines the local clearance between 

the mating surfaces and the pressure fluctuations arising from the passage of roughness asperities 

through the contact in mixed lubrication conditions. The smooth Hertzian pressure distribution is 
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modelled separately, and the overall pressure and clearance distributions at different times during 

a load cycle are then predicted by superimposing the micro-EHL and Hertzian solutions. Friction 

coefficient is considered on the local level, so that any identified solid-to-solid contact areas within 

the mesh are assigned friction coefficient representative of boundary lubrication conditions (𝜇
𝑏𝑙

), 

while areas where load is carried by a fluid film are assumed to have friction coefficient 

representative of the full film EHL conditions (𝜇
𝐸𝐻𝐿

). The assigned values of boundary and EHL 

friction are in-line with published work on EHL film and friction in rolling-sliding lubricated rough 

contacts [32,33]. Dang Van fatigue criterion, together with Wöhler curve parameters for the given 

material, is used to determine the fatigue damage of each surface point for the given stress history. 

Since the surfaces, and hence the stresses, are continuously evolving over time due to micropitting 

and wear, some means of accounting for these transient conditions are required. The approach 

adapted here updates the surface roughness profiles every  number of contact cycles. The actual 

 number of cycles is chosen to give an appropriate compromise between calculation time and 

prediction accuracy, given the overall number of contact cycles being simulated. Although the 

model includes the ability to account for the concurrent effects of local mild wear on surface 

evolution, as described in [34], in the present implementation it was decided to neglect wear by 

making the wear coefficient equal to zero. This assumption is justified due to the fact that in the 

present experiments a strong anti-wear additive was added to the oil in order to minimize the 

amount of wear and consequently, maximize the likelihood of producing micropitting through 

surface fatigue at asperity level. However, the surface geometry was still updated every  = 0.5 

million cycles to account for progression of micropitting, since locally the pressures evolve with 

the geometry and this modifies fatigue behavior.  

Table 8 summarizes the input parameters used to simulate the present experiments. Table 9 

summarizes the model results in terms of predicted extent of micropitting on the surface and 

compares them directly with the experimental observations. It is evident in table 9 that the 

progression of micropitting predicted by the model and observed in the experiments has the same 

tendency with the increasing number of load cycles. The location of the observed damage is also 

well predicted, mainly being around the leading edge of the dent in the initial stages and then 

spreading. To compare the actual extent of  the micropitted area with experiments, equal size areas 

between the model and the measurement have been considered. For the first analyzed instance in 

time in Table 9 (2.12 x106 contact cycles) it is seen that the physical model over-predicts the 

micropitted area in relation to that observed in the experiment. However, as the number of cycles 

increases the agreement is much better. The reason for this initial disagreement is not entirely clear 

but it is likely to be related to the fact the wear has been excluded from the present calculations. 

Wear of surface asperities can retard the onset and progression of micropitting as it reduces the 

asperity stresses and the number of asperity stress cycles. The importance of wear in micropitting 

is more relevant during the running-in phase, i.e. in the early stages of operation, so ignoring the 

competing effects of wear during this phase is likely to result in over-predicting the fatigue damage 

at this stage of operation. 
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An interesting observation in the present case, in comparison with the results shown in [29], is that 

here the most severe damage around the indentation in both the experiments and the model occurs 

at the leading edge rather than at the trailing edge of the initial indent. In [29] the higher damage 

at the trailing edge of the indentations was attributed to the higher hydrodynamic pressures 

experienced here under relatively full-film conditions. However, in the current experiments which 

were carried out under low specific film conditions, the film collapse at the leading edge of the 

indentation, as also reported in [29], seems to be the more dominant factor and is likely to be 

responsible for the higher damage in this location instead of at the trailing edge. 

 

 

 

Table 8. Input data for the parameters used in the micropitting model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Parameter Value Units Description 

𝑛𝑥, 𝑛𝑦, 𝑛𝑧, 𝑛𝑡 131,131,15,10 [-] calculation mesh 

𝜇
𝑏𝑙
 0.20 [-] 

boundary friction 

coefficient 

𝜇
𝐸𝐻𝐿

 0.05 [-] EHl friction coefficient 

𝐴 -43.43 [MPa/cycles] Wöhler slope 

𝐵 1720 [MPa] Wöhler intercept 

𝐸 210 [GPa] Young modulus 

𝜈 0.3 [-] Poisson ratio 

𝜏𝐸 9 [MPa] Eyring stress 

𝑘 0 [s] 
dimensional Archard’s 

wear coefficient 

𝑆 5 [%] sliding/rolling ratio 

𝑈̅ 3.8 [m/s] Entrainment speed 

∆𝑁 0.5 [M cycles] 
Geometry update 

interval 



26 
 

Table 9. Comparison of the experimentally observed micropitting damage during Test 3 with the 

corresponding predictions from the micropitting model 

No of 

Cycles, 

in million 

Experimental Result 

Observed 

micropitted 

area ratio 

[%] 

Simulation Result 

Calculated 

micropitted 

area ratio 

[%] 

2.12 

 

5.73 

 

20.45 

5.82 

 

35.24 

 

25.6 

22.8 

 

46.4 

 

37.96 

 
Over-rolling direction 

 
 

Over-rolling direction   

 

 

In order to assess the correlation between the micropitting progression predicted with the physical 

model and the machine learning predictions described earlier, Figure 14 plots the three clusters 

derived earlier for Test 3 data using k-means algorithm with peak-to-peak condition indicator (see 

Figure 10) together with the micropitting extent predicted by the physical model at three different 

times (in terms of calculated micropitted area ratio, right hand vertical axis). For clarity, the 

centroids of each of the three clusters are also shown, as is the actual observed micropitted area. 

The overall trends in the calculated micropitted area progression and the cluster centroids with 

increasing micropitting are similar. Both trends also correlate well with the actual observed extent 

of micropitting. This illustrates that an appropriate combination of the machine learning tools and 

physics based damage models has the potential to provide improved predictions of the remaining 

useful life. Development of a full hybrid model of this kind is an ambitious aim which requires 
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significant research effort. However, these results suggest that one potential way this could be 

achieved is for the condition based monitoring and machine learning tools to be used to diagnose 

the type and extent of damage present on the component in real time, followed by the subsequent 

application of the physics-based models, using the determined health state as a starting point, to 

predict the progression of the given type of damage over time, with results of such predictions 

being continuously checked against further signals acquired in real time.  

 

       Figure 14. Plot comparing the trends in the ‘Clustered Peak-To-Peak’ condition indicator, including the 

centroid values of each cluster (left hand vertical axis), with the ‘Calculated’ micropitted area predicted from 

the physics-based micropitting model (right hand vertical axis; points marked with large circles). All data 

from Test 3. The actual micropitted area observed during this test (‘Measured Area’) is also shown for 

completeness. (Note: ‘Micropitted Area Ratio’ is the ratio of the surface area damaged by micropitting to the 

total surface area being considered)  

 

5. Conclusions 

In the present study, the effectiveness of selected time-domain condition indicators in  detecting 

the presence and extent of micropitting surface damage was assessed. In order to achieve this, 

vibration signals obtained from a triple-disc micropitting rig during controlled experiments where 

micropitting was generated and allowed to progress were analyzed using selected machine learning 

approaches including K-nearest neighbor and k-means clustering. The obtained condition 
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indicators were then related to the observed progression of micropitting in order to establish their 

effectiveness and accuracy. In addition, the ability of selected condition indicators to distinguish 

between micropitting and pitting damage was also assessed using the data from the same rig. The 

main findings can be summarized as follows: 

• Selected time-domain condition indicators derived from the recorded vibration signal were 

shown to correlate well with the progression of micropitting damage in the triple disc set-up 

utilized here. The trends in peak-to-peak value of the signal showed particularly good 

correlation with micropitting, while correlation was also observed with RMS and kurtosis. 

 

• It was found that a K-nearest neighbor classifier based on peak-to-peak, kurtosis and skewness 

condition indicators obtained from seeded-fault micropitting tests can be trained to predict the 

occurrence of micropitting with a relatively high precision and a low rate of false positives. 

 

• The relative strength in trending of selected condition indicators with micropitting was 

assessed using cluster analysis. This showed the peak-to-peak condition indicator to be an 

overall good indicator for micropitting detection. 

 

• Based on vibration data from a single test where pitting, micropitting and no-damage was 

observed, KNN classifier trained on the selected condition indicators demonstrated ability to 

distinguish between pitting and micropitting failure modes.  

 

• Finally, the trends in the condition indicator response obtained though clustering analysis were 

compared with the predicted progression of micropitting damage obtained from an existing 

physics-based surface distress model in order to provide a simple illustration of the potential 

of hybrid prognostic models in predicting the remaining useful life of rolling-sliding 

tribological contacts. 
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