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ABSTRACT 

Transmission components in a gearbox are prone to premature fatigue damage due 

to high and intermittent loading cycles.  Early fault diagnostics of these components is 

essential to avoid sudden failures during operation. Recently, several vibration-based 

diagnostics approaches using Machine Learning (ML) and Deep Learning (DL) algorithms 

have been proposed to identify gearboxes faults. However, most of them rely on a large 

amount of training data collection from physical experiments, which is often associated 

with high costs in test-rig building and instrumentation. Numerical simulations using 

realistic gearbox dynamic models have been considered a promising alternative to 

generating training data for existing classification algorithms. Thus, four studies were 

offered in this dissertation. First, crack faults in simple gear-pair were analyzed with 

various ML and DL algorithms as a benchmark to determine the best performing algorithm. 

Then, condition monitoring of a planetary gear set was performed. Thirdly, hydrodynamic 

journal bearings with wear and ovalization faults were investigated. In the first three 

approaches, mathematical models were used to obtain the datasets to use for ML and DL 

algorithms. In the last study, in order to demonstrate the significance of the simulated 

vibration data for DL training, a hybrid framework was proposed by using a Finite Element 

(FE) model and experimental setup of a cantilever beam with several crack conditions. The 

generated datasets from the FE model and the collected datasets from the experimental 

setup were fed to the Convolutional Neural Network (CNN) algorithm for training and 

testing respectively. The results showed that training DL algorithms with simulated 

vibration data are a great alternative to costly test rig building and collection of 

experimental data. This approach provides a significant improvement in diagnostics at the 

circumstances of a big experimental dataset shortage. This research contributes to the 

prevention of catastrophic failures in gearbox components by early fault detection and 

maintenance schedule optimization using simulation vibration data. 
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CHAPTER 1.  

INTRODUCTION 

Gearboxes are the main transmission components in power and transportation 

systems. A wide range of applications of transmission gearboxes can be found, for 

example, in vehicles, wind turbines, and power plants [1–3]. However, the failure rates 

of wind turbine gearboxes are substantially higher since they are constantly subjected 

to complex non-stationary loads and extreme conditions, which cause progressive health 

degradation [4,5]. As a result, unexpected downtimes and catastrophic failures of the 

whole transmission system occur [6,7]. Among all renewable energy sources, wind 

energy is the most affordable and the fastest growing renewable energy source with 

more than 500 GW of installed capacity worldwide [8]. A significant proportion of the 

total investments in the wind farm industry still account for the operation and 

maintenance costs with 10-15% for land wind turbines, and 20-25% for the offshore 

wind turbines [4]. This cost could be reduced by efficient condition monitoring and 

maintenance scheduling techniques. Although the reliability of the wind turbines is 

becoming better day by day, due to its immense growth in cumulative installed capacity, 

the number of failures is significantly high [9]. Among these failures, gearbox failures 

are the most common. Several reports indicated that, although the wind turbine 

gearboxes are designed to last for 20 years, they prematurely fail in the first 3-7 years 

[10]. The gearboxes are not only the most vulnerable component of the wind turbines, 

but also they are the most frequently broken down components of wind turbines [11–

13]. Thus, there is a need for advanced condition monitoring technique that can detect 

the gearbox faults early to prevent catastrophic failures and downtimes by efficient 

maintenance scheduling.  
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1.1. Wind Turbine Gearbox Failure Modes 

1.1.1. Gear Failure Modes 

Gearbox faults are categorized in two ways as distributed and localized faults. 

The faults such as misalignment and eccentricity are examples of distributed faults. On 

the other hand, failure modes of pitting, cracked tooth, surface wear, missing tooth are 

examples of localized faults [5]. There are two main localized gear failure modes; 

surface wears/spalling and cracked teeth. Crack initiation in gear tooth generally 

happens at the root of the tooth due to high cyclic stresses. As the crack in gear tooth 

propagates it causes bigger faults such as a missing, broken and chipped tooth  [1]. Wear 

faults occur between contact surfaces when they are pressed together with inadequate 

lubrication. Metal to metal contact causes wear spalling and pitting faults [14]. Due to 

any of these faults, the clearance between two consecutive teeth increases. Thus, 

imperfections in gear teeth cause impacts at the time of the gear meshing. These 

meshing impacts are usually detected by the unusual impulses in the vibration response. 

After cracks are initiated, they propagate very rapidly and cause total fractures in gear 

tooth result in catastrophic failures. In order to prevent catastrophic failures, capturing 

the cracks are more important than capturing bigger faults such as a broken tooth, a 

missing tooth, and a chipped tooth. Thus, for the gear diagnostics only crack faults are 

investigated in the scope of this study. 

1.1.2. Bearing Failure Modes  

Hydrodynamic journal bearings have been widely used in high speed rotating 

machinery because of their high load-bearing capacity and superior durability. They 

support the rotating shafts with high loads by the hydrodynamic pressure field of the 

lubricant. With enough lubricant pressure, this type of bearings keeps the solid parts 

separated from each other and avoid the metal on metal contact, therefore prevent wear 

and health degradation [15]. However, in the industrial applications, the protection of 

the rotating shaft is more important than the bearings. In the case of excessive load or 

inadequate lubrication, in order to protect these components, hydrodynamic journal 
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bearings are designed with sacrificial material to absorb damage. In other words, the 

material selected for the journal bearing is softer than the material of the rotating shaft 

that is supported. Thus, in the case of excessive load or poor lubrication, these bearing 

are susceptible to different types of faults, such as wear, and ovalization. Wear is a 

continuous material loss at the contact surface due to reduced film thickness in 

lubrication and metal to metal contact. Wear faults occur mainly due to shaft 

misalignment and eccentricities with high cyclic load in time [16]. Ovalization faults 

occur due to plastic deformations in the bearing profile caused by non-symmetrical 

heating, manufacturing uncertainty, and assembly problems, which directly affects the 

rotor’s response [17,18].  

1.2. Condition Monitoring 

Condition monitoring is a process that monitors various operating parameters of 

a system in order to determine the current health state. Vibration, acoustic emission, 

pressure, temperature, flow rate, lubrication data are some of the examples for these 

parameters.  As a health degradation in a system occurs, the fault signatures can be 

captured from the data with condition monitoring. Obtained data from the system are 

interpreted in order to diagnose the type and severity of the fault. The use of robust fault 

diagnostics techniques can provide indications of early faults in gearbox components, 

which is crucial to avoid unexpected catastrophic failures and reduce costs with 

corrective maintenance [7,19]. There are three main methods used in condition 

monitoring, 

1.2.1. Signal Processing 

Among the existing fault diagnostics techniques applied to rotating machinery 

condition monitoring, vibration signal processing and analysis had been the most 

popular in the industry. Such techniques consist of the application of signal processing 

(e.g., fast Fourier transform, power spectral density, wavelet transform, and empirical 

mode decomposition) and feature extraction (e.g., mean, skewness, kurtosis, and root-

mean-square) tools to identify fault signatures hidden in the vibration signals [20].  
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Before the Traditional Machine Learning (ML) and deep learning (DL) applications 

became so popular, these methods were used to determine the condition of the system 

manually with expertise inspection. Many studies used these signal processing and 

feature extraction tools to determine the health state of the system [21–24]. Dogan et al. 

[21] calculated kurtosis, crest factor and RMS values of vibration signals of the cracked 

gear tooth. By comparing the values of these features, crack fault severities were 

determined. Qu et al. [22] employed the sideband energy ratio and crest factor to capture 

pitting faults on spur gears. Vernekar et al. [23] used the continuous wavelet transform 

to detect the gear faults. Jaiswal et al. [24] used a fast Fourier transform to determine 

the severity and type of faults in a gear pair setup. All of these works require expert 

knowledge and manual labor to analyze the processed signals to determine fault 

conditions. Moreover, depending on the fault type and severity, finding the best feature 

that indicates the fault can be cumbersome.  

1.2.2. Traditional Machine Learning 

Traditional Machine Learning (ML) algorithms can analyze the manually 

extracted and labeled features automatically. Therefore, these algorithms decrease the 

need for analyzing the features manually. Several studies take advantage of the ML 

algorithms to analyze the features and identify the faults [5,25]. Recently, the traditional 

ML algorithms such as Support Vector Classifier (SVC), Random Forest Classifier 

(RFC), AdaBoost classifier, Multi-Layer Perceptron (MLP) Classifier, Decision Tree 

Classifier (DTC), Gaussian Naive Bayes (GNB) Classifier  became more popular, where 

the features are used to feed traditional ML algorithms in order to classify the fault 

severity in gearbox components. Saravanan et al. [26] extracted features using Morlet 

wavelet coefficients and fed the features to Support Vector Machines (SVM) and 

proximal SVM algorithms to compare the effectiveness and classify the faults in a bevel 

gearbox. Cheng et al. [27] extracted features using singular value decomposition (SVD) 

techniques based on empirical mode decomposition and fed the features to SVM. The 

results of this work show that the proposed method was able to diagnose the fault 

patterns of gears and roller bearings accurately even when the number of samples is 
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small. Sagumaran et al. [28] used DTC with the features of mean, median, mode, 

kurtosis, skewness, standard error, standard deviation, minimum, maximum, sum, and 

range to diagnose gear faults. This work also discusses the effect of various parameters 

on classification accuracy. Lei et al. [29] used several time-domain features and 

frequency domain features with MLP and KNN classifiers and claimed to have 

successful results in the diagnosis of spur gear pairs with a broken tooth. Despite these 

approaches and their success in diagnostics of gear and bearing faults, three main 

shortcomings have been pointed out [30,31]. First, the selection of the most sensitive 

features using the above-mentioned techniques requires the analysis to have expertise 

in signal processing and often prone to biased uncertainty. Second, depending on the 

type and severity of the fault and the component, fault signatures possess a complex and 

unique behavior, and finding the best fault indicator becomes a cumbersome task 

[32,33]. Even the type of fault is the same, the response of the system varies due to 

differences in the gear systems and their designs. Thus, the performances of the features 

become inconsistent and unreliable. Third, traditional ML algorithms are composed of 

shallow structures, which makes the learning process of the hidden information 

regarding the fault much more challenging, particularly for corrupted and highly noisy 

vibration signals.  

1.2.3. Deep Neural Networks 

Due to the above-mentioned shortcomings of traditional ML algorithms, 

attention was focused on Artificial Neural Network (ANN) and its variations. ANN is 

composed of many simple and interconnected neurons. These neurons are connected to 

each other by links that have associated weights. The weights between each neuron 

determine the significance of the input to each neuron. As it is trained, these weights are 

updated as the ANN learns. Many variations of the ANN exist such as Deep Neural 

Networks (DNN), Convolutional Neural Networks (CNN), Recurrent Neural Networks 

(RNN), Generative Adversarial Networks (GAN), Deep Belief Networks (DBN). 

Among these, CNN and Long Short-Term Memory (LSTM) are the most popular ones 

for diagnostics of faults in rotating machinery. CNN is mostly used in image recognition 
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tasks. This DL method became very popular after the breakthrough in 2012 at ImageNet 

Large Scale Visual Recognition Challenge (ILSVRC). The task at ILSVRC is to detect 

objects and classify them. In 2012, with the help of large public image repositories and 

new advanced GPUs, CNN showed that it is a viable solution for image recognition 

[34,35]. Therefore, more and more research has been concentrated on CNN and made 

it one of the most advanced DL tools. LSTM is a variant of the RNN that retains both 

recent and long-term memories of input patterns and has shown high ability in 

addressing large-scale sequential data such as sound, music, text, video [36,37]. LSTM 

has been also successfully applied for condition monitoring and prognostics of machines 

using complex time-series data measured by accelerometers and other sensors 

[36,38,39]. These methods have been applied to various tasks such as computer vision, 

speech recognition, audio recognition, machine translation, bioinformatics, medical 

image analysis, and material inspection. In recent years, they have been also applied to 

condition monitoring and fault diagnosis of rotating machinery where there is no need 

for manual feature extraction. Especially with the help of the exponential advancements 

in computational power in recent years, DNN methods became more and more feasible 

to apply to big vibration data. Although the DNN methods require more data compared 

the traditional ML algorithms, when they trained properly, they extract the required 

information from the vibration data and predict the condition of the system 

automatically [40]. Several studies have applied DNN methods successfully to predict 

the gear fault conditions with minimal tuning. For instance, Wang et al. [41] proposed 

a fault diagnosis method of a planetary gearbox that combines generative adversarial 

networks and stacked denoising auto-encoders aiming to tackle the problem of feature 

detection of early faults with highly noisy vibration signals and reduced fault samples.  

He et al. [42] presented a deep learning-based approach for automatic self-learned 

feature extraction and fault diagnosis of planetary gearboxes using raw vibration 

monitoring without any supervised fine-tuning process. Yao et al. [43] used CNN to 

diagnose faults in gears with acoustic data without and preprocessing and just using a 

fusion of multiple microphone data. Cao et al. [40] proposed a CNN based transfer 
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learning architecture to diagnose faults on a two-stage gear pair gearbox setup without 

any preprocessing the vibration data. Wang et al. [30] proposed a feature learning and 

fault diagnosis method based on deep conditional variational neural networks, which 

can adaptively extract denoised fault features from the noisy vibration signal for the 

early failure diagnosis of the planetary gearbox. A variant of deep residual networks 

with dynamically weighted wavelet coefficients was developed by Zhao et al. [31] to 

learn a set of features that discriminate diverse health states of a planetary gearbox. 

Zhang et al. [44] developed a DNN model for degradation pattern classification of a 

turbofan engine and showed the capabilities of DNN successfully. Wang et al. [45] 

proposed an integrated approach based on impulsive signals, DBN, and feature 

uniformization to achieve real-time, accurate fault diagnosis in planetary gearboxes.  

Liu et al. [46] proposed a CNN fault classification method for the diagnosis of planetary 

gears based on variational mode decomposition and singular value decomposition to 

extract features by partition processing. Jiao et al. [47] developed a CNN diagnosis 

framework applied to planetary gearboxes using multi-variate encoder information. Jing 

et al. [48] proposed an adaptive data fusion method based on deep DCNN to 

automatically extract features of raw data and applied the proposed framework to detect 

the health conditions of a planetary gearbox. Zhang et al. [49] offered an intelligent fault 

diagnosis framework for rotating machinery. In this study, the vibration signals were 

directly fed to DCNN and in order to handle high levels of noise wide kernels were 

introduced after the convolutional layer. The results proved the superiority of DCNN 

compared to state of the art DNN techniques. All of the above-mentioned researches on 

diagnostics of rotating machinery were done by feeding vibration data directly or 

feeding the post-processed vibration data with various signal processing techniques to 

DL algorithms. However, several researchers claimed that converting the vibration 

signals to images and then feeding the images to DL algorithms improve the 

performances of DL diagnostic methods.  Especially CNN is one of the main DL 

methods that are specialized in image recognition and image classification. Therefore, 

in order to take advantage of this superior computer vision algorithm, vibration signals 
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were converted to images in several studies. The image representation of time-series 

introduces different types of feature that are not available in 1-D signals, and therefore, 

time series classification can be treated as a texture image recognition task [50,51]. Li 

et al. [52] proposed a CNN algorithm for planetary gear fault diagnosis via feature image 

extraction based on multi-central frequencies and vibration signal frequency spectrum. 

Wen et al. [53] proposed a time-frequency technique, named S-transform to convert 

vibration signals to images to take advantage of the superior image recognition 

capabilities of CNN. This study claims, with the converted images the results of 

diagnosing bearing faults improved. Wang et al. [54] processed vibration signals by 

wavelet transform into a multi-scale spectrogram image in order to manifest the fault 

characteristics. Images were fed to CNN and successful accuracy results were obtained 

in the identification of bearing faults. Verstraete et al. [55] also proposed a framework 

to convert faulty vibration signals of rolling element bearing dataset that is published 

by Case Western Reserve University [56]. The images were created from vibration 

signals using Hilbert-Huang transformation, short time Fourier transform spectrogram 

and wavelet transform scalogram and then accuracy results obtained with CNN with 

superior performance. 

1.3. Data Augmentation 

As it is well known, DL learning algorithms perform better as the sample size 

increases. Data augmentation techniques can be applied to increase the data size 

artificially. Even using mathematical models, the generation of large training datasets 

sometimes could be challenging due to computational limitations to run a large number 

of simulations for all relevant operating condition scenarios. This issue can be solved 

through data augmentation techniques where variations of the original dataset are 

created with different methods. The data augmentation methods are specific to data type 

and application. For instance, cropping, rotating, and flipping input images are common 

methods for image data inputs and have been successfully applied in DL applications 

[57]. For acoustic data, Salamon et al. showed improvement in accuracy with data 

augmentation methods such as time-stretching, pitch-shifting and adding background 
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noise to the original dataset. For time series of data, Um et al. [58] claimed data 

augmentation methods such as adding noise, scaling, cropping, rotating, permutating, 

magnitude-warping and time-warping the acceleration data that is collected from 

wearable sensor improves the performance of CNN. In order to explore the effects of 

added noise as data augmentation, throughout this study additive white Gaussian noise 

was applied to the vibration signals that are generated with the numerical models. 

1.4. Motivations 

Almost all of the aforementioned studies rely on the collection of large amounts 

of training data from physical experiments or from the field, which is often associated 

with high costs in test-rig building and instrumentation [59]. The use of dynamic models 

to simulate the vibration response of gear systems under many faulty conditions has 

been shown to be a viable alternative to the expensive collection of data from 

experiments or field measurements [25,60]. Although several mathematical models 

have been proposed to investigate the vibration properties of planetary gearboxes in the 

past decades [6,33,61,62], almost no attempt has been made on the application of those 

models to generate realistic simulated vibration data to train deep learning-based 

diagnostics approaches to be later used for diagnostics of real components. Bartelmus 

[63] presented a 6-degrees of freedom (DOF) non-linear dynamic model of single-stage 

gearbox considering a flexible coupling and an error mode random function to describe 

the gear tooth profile error (TPE). A similar dynamic model was proposed by Divandari 

et al. [64] who also incorporated the effect of the gear eccentricity error caused by the 

shaft misalignment. Xun et al. [65] presented a formulation based on a stochastic 

perturbation method to study the dynamic performance of planetary gear transmissions 

with random TPE. Dadon et al. [66] proposed a generic dynamic model for the 

prediction of gear vibration which included the modeling of the contact between gear 

teeth, the effect of faults on the mesh stiffness, and the integration with geometric errors. 

All these works have pointed out a considerable increase in vibration response 

randomness and amplitude of the gear model. Unlike the other methods where vibration 
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response is regular and at constant amplitude, real life vibration data consist of random 

complex signals.  

Several works have been done in order to model and evaluate the wear 

conditions in hydrodynamic bearings [67–71]. Bouyer et al. [67] developed a numerical 

model to analyze the effect of transient periods like startups and stops of the shafts on 

wear. The numerical data were compared and validated with experimental data. Kango 

et al. [72] proposed a mathematical model to investigate the effect of viscous heat 

dissipation and non-Newtonian rheology of lubricant on the performance of micro-

textured journal bearings. The major focus of these works, however, has been on the 

wear characterization rather than on wear detection based on the modeling of the bearing 

dynamic response. It is well-known that the presence of wear in the bearing walls can 

affect its dynamic response, which can accelerate the wear damage process leading to 

the ultimate failure of the component. Therefore, early diagnostics of wear faults in 

hydrodynamic bearings using advanced condition monitoring is essential to avoid 

sudden failures during operation of rotating machines [73,74]. The first studies which 

systematically investigated the dynamic behavior and hydrodynamic conditions of non-

circular bearings arose during the past 30 years [75–78]. Some of these pioneer works 

stated that bearing ovalization affects the second harmonic vibration component of 

rotating machines, which can be identified through appropriate condition monitoring 

and diagnostics strategies of rotating machinery. Thus, it is essential to monitor the 

operating conditions of these machines, in order to identify faults and conveniently plan 

their maintenance stops, which could potentially reduce risks of accident and economic 

losses. Many researchers have studied new fault detection techniques applied to the 

bearing elements of rotating machines based on machine learning and deep learning 

approaches [79–81]. In most of these works, machine health monitoring was performed 

throughout manual vibration signal analysis due to its excellent capability in detecting 

hidden fault signatures associated with machine performance. Despite the advances 

achieved by these works on the condition monitoring and diagnostics of rotating 

machinery, they still carry two major gaps. First, these works were mostly developed 
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for applications on rolling element bearings and gears, in which specific frequencies 

triggered by faulty elements can be detected. For journal bearings, on the other hand, it 

is less clear how some of the damage scenarios (such as wear, ovalization) influence the 

frequency range of the measured vibration data [82]. 

In short, motivations of this study can be summarized as follows; 

I. The gearbox failures in wind turbines are very common, 

II. Almost all of the studies in literature for the condition monitoring techniques 

rely on the collection of large amounts of training data from physical 

experiments or from the field, which is often associated with high costs in 

test-rig building and instrumentation, 

III. There is a need for realistic dynamic models of gears and bearings to 

generate vibration datasets for healthy and all possible faulty conditions to 

train ML and DL algorithms. Then use the trained algorithms to diagnose 

the faults on real components. 

1.5. Objectives 

1.5.1. Goal 

The goal of this study is to create a framework to diagnose incipient faults in 

wind turbine gearboxes automatically and efficiently. Consequently, using prognostic 

techniques, the future state of the system can be predicted with the help of the current 

state. After the remaining useful life of the system components is obtained, required 

predictive maintenance can be scheduled on time to prevent catastrophic failures. 

Moreover, with this framework, unnecessary preventative maintenance works will be 

also eliminated. This way, not only the downtime due to failures will be decreased, but 

also downtime due to unnecessary maintenances will be decreased. 
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1.5.2. Research Question  

This study aims to answer the research question “Can machine learning and deep 

learning be used to estimate gear health state of wind turbine gearbox components from 

simulated vibrations data? 

1.5.3. Specific Aims 

In order to answer the research question and address the above-mentioned 

knowledge gaps, four specific aims were created.  

I. To develop a gear-pair fault diagnostics framework using deep learning with 

simulated data. 

II. To develop a planetary gearbox fault diagnostics framework using deep 

learning with simulated data. 

III. To develop a bearing ovalization and wear fault diagnostics framework 

using deep learning with simulated data. 

IV. To demonstrate the performance of the aforementioned frameworks with an 

experimental and FE model combined study. 

1.6. Scope of Work 

In this work, four different studies are conducted to analyze the occurrence of 

some of the above-mentioned faults in gearboxes. First, crack faults in simple gear-pair 

is analyzed. Then, the same effect of cracks in gear tooth is investigated in a planetary 

gearbox. Thirdly, hydrodynamic journal bearings with wear and ovalization faults are 

investigated. Lastly, a combined study with FEM and experimental setup is used to train 

ML and DL algorithms with simulated vibration data and later used the trained 

algorithm to make diagnostics on an experimental setup. 

1.6.1. Gear Pair Diagnostics 

The first part of this study offers an ML and DL classification performance 

comparison of several algorithms to diagnose faults in a simple gearbox configuration 
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based on realistic simulated vibration data [83]. Initially, a 6 DOF non-linear dynamic 

model of a single-stage gearbox was developed, in which the effect of the TPE in the 

gear teeth was considered and the noise was added artificially to the simulated signal. 

Then, the model was used to generate a dataset of samples for different scenarios of 

operation for the healthy and damaged gearbox.  Finally, the generated data was 

preprocessed for traditional ML and DL algorithms. Statistical condition indicators were 

extracted from vibration signals to be used for training and testing of traditional ML 

algorithms namely SVC, RFC and DTC [84]. For CNN, vibration signals were 

converted to images using three different image encoding methods. In these methods, 

an image representation of time-series introduces different feature types that are not 

available for 1-D signals, and therefore time series classification can be treated as a 

texture image recognition task [50]. These algorithms have been successfully applied to 

fault diagnostics of gears and bearing using encoded images of vibration signals 

[40,54,84]. Moreover, 1-D vibration signals were reshaped to 2-D to be able to feed 

them to the 2-D CNN algorithm. Although preliminary performance results using 1-D 

CNN and 2-D CNN were found to be very similar, in this work, 2-D CNN was preferred 

to have a consistent model structure that is used for image inputs. LSTM network has 

also shown satisfactory results in diagnostics and prognostics of machines using a 

complex time series of measured vibration and other signals [36,37]. Different from the 

CNN algorithm, the LSTM network is a variant of the RNN that retains both recent and 

long-term memories of input patterns. No preprocessing was done for LSTM input and 

the raw data was fed directly. All the algorithms were tuned for their best-performing 

architectures.  Finally, the obtained fault classification accuracy rates were compared to 

determine the best performing method to be later used in the diagnostics of the planetary 

gearbox model and bearing models. The test results revealed the superiority of the CNN 

algorithm with 2-D time series of data compared to image input methods. Moreover, 

CNN showed a promising potential for application of gearbox diagnostics techniques 

using realistic simulated data. 
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1.6.2. Planetary Gear Diagnostics 

The second part of this study proposes a CNN-based framework to automatically 

extract features and classify faults in planetary gearboxes using realistic simulated 

vibrations signals. First, a dynamic model of planetary gearbox considering the effect 

of TPE in the gear teeth was developed. The time-domain response of the planetary 

system was obtained by solving a set of non-linear equations using a Runge–Kutta 

numerical integration method. Second, the input parameters for the healthy and four 

severity levels of crack sizes are provided to the dynamic model with the TPE model to 

generate the signals for 5 different conditions in total. Twelve different datasets were 

generated by different combinations of TPE levels and different levels of added white 

Gaussian noise. Each dataset consists of 1200 different vibration signals that are 

obtained by changing the operating conditions such as rotational speed, applied torque 

and crack angles. After datasets were generated, without any preprocessing the 12 

datasets were fed to the CNN model individually for training with 75% of the data and 

then later tested with the remaining 25% of the data. Results were obtained and then, in 

order to create mimic the goal of training CNN with simulated data and later test it on 

real data, CNN was trained with the dataset that has no noise and then later CNN model 

was tested with the dataset that has different noise levels. The obtained results for both 

methods were compared. CNN algorithm showed very good classification accuracies 

even with the high levels of noisy datasets.  

1.6.3. Hydrodynamic Journal Bearing Diagnostics 

Finally, in the third part of this work, a simulation-driven framework based on a 

deep learning algorithm to automatically extract features and classify wear and 

ovalization faults in hydrodynamic journal bearings using simulated vibration signals 

was proposed. First, dynamic models to calculate the dynamic response of a journal 

bearing system considering the effect of wear and ovalization faults were developed for 

two identical bearings under different loadings. For each fault type, 6 different fault 

severities are selected. In total 7 conditions obtained with the added healthy state. The 
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6 fault severities are obtained by varying the wear depth and wear angle for wear fault 

and varying the ovalization depth and the ovalization angle for the ovalization fault type. 

Then, the dynamic models were used to create two small datasets for each fault 

condition separately. For each condition, 45 different simulated vibration signals were 

generated by varying the rotational speed, lubricant temperatures, and rotating 

unbalances. Therefore, 315 signals for each Bearing 1 and Bearing 2 are obtained. In 

order to see the effect of data augmentation, from the obtained original datasets, bigger 

datasets were generated. Additive white Gaussian noise used as data augmentation 

techniques. Five low levels of noise added to bearings datasets and augmented datasets 

with 1890 simulated signals were obtained. Lastly, a CNN algorithm was implemented 

to classify the bearing wear and ovalization severities using the simulated vibration 

signal datasets. The original and augmented datasets were fed to the CNN model for 

training and testing. The accuracy results of the original dataset and the augmented 

datasets were obtained and compared for both Bearing 1 and Bearing 2. The results 

showed that data augmentation has a significant impact on the accuracy results.  

1.6.4. Cantilever Beam Diagnostics: An Experimental Case Study 

In the final part of this dissertation, the framework of training ML and DL 

algorithms with simulated vibration data and use the trained algorithms to make 

diagnostics in real experiments is demonstrated. A shaker experiment was designed for 

a cantilever beam with different levels of cracks machined on it similar to a cracked 

gear tooth. It is a common practice to model gear teeth as a cantilever beam [85–87]. 

Thus, for this study, cantilever beams with different crack sizes have been chosen to be 

the case study to demonstrate the framework’s capability with the experimental setup. 

First, a cantilever beam was manufactured with the appropriate fixtures, and then an 

identical FE model was designed with ANSYS. Base excitation with various 

frequencies and amplitudes were applied to the cantilever beam and then vibration 

response of the tip was recorded in ANSYS. The datasets of tip response of cantilever 

beam with different levels of crack sizes were collected from the experimental setup. 

Later they were mixed with the data that was generated with ANSYS. Two different 
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cases were considered. In the first one, it was assumed that the collected dataset from 

the experimental setup was limited. Thus, the effects of combining the experimental 

dataset and the FE dataset were explored. The individual and combined datasets were 

used to train and test a CNN algorithm to diagnose the condition state. In the second 

case, it was assumed that there is no available experimental data for the purpose of 

training the DL algorithm. Thus, the CNN algorithm was trained with just using the FE 

data and tested with experimental data. The accuracy results showed that training the 

deep learning algorithm with simulated vibration data is a great solution to reduce the 

cost of test rig building and extensive data collection from experimental setups. 
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CHAPTER 2.  

METHODOLOGY 

2.1. Fault Diagnostics of a Gear Pair1 

2.1.1. One Stage Gearbox Dynamic Model 

A 6-DOF single-stage gearbox dynamic model that consists of a pinion with 19 

teeth and a gear with 48 teeth was used in the proposed diagnostics framework. Figure 1 

illustrates the free-body diagram of the dynamic model. This model was used to compute 

the dynamic response of a single-stage gear system [25,63,88].  

 

Figure 1 Free-body diagram of the single-stage gearbox model 

 
1 Extracts of Gecgel et al. 2019 [83] © IEEE 2019 
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The equations of motion for the system considering the linear displacement, 

velocity, and acceleration in the y-direction and the rotary displacements, velocities, and 

accelerations of the pinion, gear, motor, and load are given by [25,63,88]: 

  𝑚1�̈�1 = 𝐹𝑘 + 𝐹𝑐 − 𝑘1𝑦1 − 𝑐1�̇�1, (1) 

 𝑚2�̈�2 = 𝐹𝑘 + 𝐹𝑐 − 𝑘2𝑦2 − 𝑐2�̇�2, (2) 

 𝐼1�̈�1 = 𝑘𝑝(𝜃𝑚 − 𝜃1) + 𝑐𝑝( �̇�𝑚 −  �̇�1) − 𝑅𝑏1(𝐹𝑘 + 𝐹𝑐), (3) 

 I2θ̈2=Rb2(Fk+Fc)-kg(θ2-θb)-cg( θ̇2- θ̇b), (4) 

 Imθ̈m=M1-kp(θm-θ1)-cp( θ̇m- θ̇1), (5) 

 Ibθ̈b=-M2+kg(θ2-θb)-cg( θ̇2- θ̇b), (6) 

 Fk=kt(Rb1θ
1
-Rb2θ

2
-y

1
+y

2
), (7) 

 Fc=ct(Rb1 θ̇
1
-Rb2 θ̇

2
-ẏ

1
+ẏ

2
), (8) 

  

Equations (1)-(8) were solved simultaneously to obtain the vibration signals, i.e. 

displacement, velocity, and acceleration of the pinion and gear. The model parameters of 

the single-stage gearbox model are as follows: m1 and m2 are masses of the pinion and gear; 

y1 and y2 are linear displacements of the pinion and gear in the y-direction; Fk and Fc are 

stiffness and damping contact (inter-tooth) forces; I1 and I2  are moments of inertia of the 

pinion and gear assembly; 1 and 2 are angular displacement of the pinion and gear; m 

and b are angular displacement of the motor and load; c1 and c2 are vertical radial damping 

coefficient of input and output bearings; cp and cg are damping coefficient of input and 

output flexible couplings; Im and Ib are moments of inertia of the motor and load; Rb1 and 

Rb2 are base circle radius of the pinion and gear; k1 and k2 are vertical radial stiffness of 

input and output bearings; kp and kg are torsional stiffness of input and output flexible 

couplings; kt and ct  are the total effective mesh stiffness and damping coefficient 

The solution of this set of differential equations depends on the calculation of the 

total effective mesh stiffness for different fault conditions of the pinion and gear. To 

determine the total effective mesh stiffness, a simplified model based on the potential 

energy method was adopted [89]. As illustrated in Figure 2, this model assumes that the 

crack is initiated at the root of the 15th tooth of the pinion and propagates through a straight 
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line with size a and constant inclination angle β = 45o with respect to the centerline of the 

tooth. Figure 2 also shows the angle between centerline and radius intersecting the tangent 

line drawn from the addendum of the root, αg, the half-height of the top land of the tooth, 

Hr , the length of the tooth base, 𝐵𝑡 and the half tooth angle, α2. 

 

Figure 2 Assumed crack propagation path to determine the total mesh stiffness 

2.1.1.1. Tooth Profile Error Model 

In order to have a more realistic representation of the signal, the effects of TPE 

were included in the dynamic response of the system. The schematic representation of the 

TPE model is presented in Figure 3. In this figure, the TPE, Er, is interpreted as the relative 

difference between the design profile, PD, and the actual profile, PA, caused by the lack of 

precision of machinery employed in the manufacturing process, LA, is an infinitesimal 

section of the tooth profile that is amplified to show the effect of the tooth profile error. 

In the absence of experimental data, the randomness of TPE can be quantified by 

[64], [63]: 

 𝐸𝑟 = [1 − 𝑟𝑐𝑒𝑠(1 − 𝑙𝑖)]𝑒𝑚𝑎𝑥 , (9) 

in which rces is the coefficient of error scope ranging from 0 to 1, li is a random number 

between 0 to 1, and emax is the maximum tolerance deviation in µm. Thus, the effect of the 

profile errors on the dynamic response of the system is calculated by, 

 𝐹𝑜 = 𝐹𝑘 + 𝐹𝑐 + 𝑘𝑡𝐸𝑟 , (10) 

where Fo is the total dynamic force of the system, Fk and Fc are the stiffness and damping 

contact forces given by Equations (7) and (8). The additional dynamic force produced by 
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deviations in the profile was computed based on the total mesh stiffness, kt, and the values 

of Er [64]. 

 

Figure 3 Tooth profile error model 

2.1.1.2. Additive Gaussian White Noise 

After all data sets were generated with different TPE levels, white Gaussian noise 

with different signal-to-noise ratios (SNR) was added to all signals to simulate close to 

real-life conditions. The SNR values were calculated using an expression given by [90]: 

 
SNR=10× log

10
(
Psignal

Pnoise

) 
(11) 

where Psignal is the power of the signal and Pnoise is the power of the added noise. Commonly 

used values of 5, 10, and 15 have been considered as the noise levels in this study [91,92].   

2.1.2. Fault Diagnostics Model  

2.1.2.1. Feature Extraction and Traditional Machine Learning 

Classifiers 

The first fault classification framework proposed in this study involves the 

application of traditional ML algorithms in vibration-based diagnostics of a faulty gearbox. 

For this purpose, features were extracted manually from the simulated vibration signal 

using 24 statistical condition indicators Table 1 [7]. Where the first 16 features are in the 

time domain and the remaining 8 features are in frequency domain respectively. The 24 
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condition indicators were calculated for each data set and used for training and testing of 

classifiers. 

Table 1 Statistical indicators used for traditional ML 

Number Name Number Name Number Name 

F1 Maximum value F9 Mean absolute deviation F17 Mean Frequency 

F2 Minimum value F10 Median absolute deviation F18 
Frequency 

Center 

F3 Mean F11 Crest Factor F19 RMS Frequency 

F4 Peak to peak F12 Peak2RMS F20 
Figure of merit 

(FM0) 

F5 Harmonic mean F13 Skewness F21 

Standard 

deviation 

frequency 

F6 Trimmed mean F14 Kurtosis F22 
Largest sideband 

amplitude 

F7 Variance F15 Shape Factor F23 Sideband index 

F8 Standard deviation F16 RMS F24 
Sideband level 

factor 

 

In faults diagnostics applications, ML classification models are able to train with 

the fault signature presented in the collected data and to classify the fault condition. There 

are several classifiers, each one suitable for a specific problem, and for this study, the three 

classifiers used were RFC, SVM, and DTC [93] due to their performance metrics in the 

previous study [25].  Each classifier has several algorithm parameters that have a 

significant effect on estimation accuracy. Thus, all the classifiers were tuned for their 

optimum algorithm parameters. The classifiers were then trained with 70% of the data 

selected randomly out of the dataset for each fault class and tested with the remaining 30%. 

2.1.2.2. Convolutional Neural Network  

In order to take advantage of visual recognition of CNN, the time series of vibration 

data were encoded to images and fed to CNN. Three different imaging methods were used 
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to transform the time series of vibration data into 2D images. These methods are called 

spectrogram, Gramian Angular Displacement Field (GADF) and Markov Transition Field 

(MTF). Alternatively, to make a head-to-head comparison with LSTM, time series of data 

input was also fed to CNN. Each 1-D time series of vibration data with 10,000 sample 

points, were reshaped to 100100 and fed to the same CNN structure. 

The spectrogram is a tool to visualize the spectrum of frequencies of a signal where 

x and y-axes are time and frequency and the color scale indicates the amplitude of the 

frequency. It is a commonly used signal imaging technique to take advantage of the CNN 

algorithm [55,94]. A MATLAB function spectrogram function was used for this purpose. 

GADF is an encoding method to encode the time series of data to images. It 

transforms the 1-D data into a symmetric matrix called Gram Matrix [95]. The advantage 

of GADF is that it preserves the temporal dependency. The time increases along the main 

diagonal from top left to the bottom right where the original values of the scaled time series 

are contained. Therefore, it will be possible to reconstruct the times series from the high-

level features learned by the deep neural network [95,96]. To generate the GADF images, 

a Python package called PYTS was used [97]. 

MTF is another encoding method that encodes time series of data to images that 

were offered by Wang et. al [95]. The MTF encodes the multi-span transition probabilities 

of the times series by assigning the probability from the quantile at ti to the quantile at tj. 

Like for GADF images, MTF images were also generated with PYTS. 

As shown in Figure 4, the resized images were fed to CNN architecture that consists 

of consecutive convolutional layers, an activation layer, a pooling layer, and fully 

connected layers. In between these layers, drop out layers were used to avoid overfitting. 

Overfitted networks memorize the training data; when it is tested with new data the 

network may not recognize the new data even if the difference is very subtle. Dropout 

layers delete connections between the neurons randomly. Drop out ratio is selected as 40%. 

During the training, 100100 RGB images are fed to the first convolutional layer with a 

receptive field of 44. The convolutional layer scans the input image with 44-pixel 
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windows and maps that to the max-pooling layer. Convolutional layer keeps sliding to the 

next window until all the image is scanned completely. In the max-pooling layer, 22-pixel 

windows are being used. Max-pooling layer scans the 44-pixel images from the 

convolutional layer, and picks the 4 biggest values and passes it to the activation layer. The 

convolutional and pooling layers are repeated 4 times with neuron numbers of 32, 64, 32, 

32 respectively and connected to the fully connected 3 layers. The 3 fully connected dense 

layers have the neuron numbers 64, 64 and 4 respectively. While the “relu” and “tanh” 

activation functions are used throughout the convolutional and fully connected layers, the 

last layer was activated with “softmax” function.  

 

Figure 4 CNN layers 

2.1.2.3. Long-Short-Term Memory 

LSTM neural networks tend to perform well with time-series data, especially if the 

prediction depends on the historical context. Examples of applications that meet this 

property include speech recognition, music, vibration signals, and text. As shown in Figure 

5, the cell state starts from the first input to the last input. At each time step, LSTM stores 

only the necessary information of the inputs to the cell state by forgetting the gate. This 

way, important information is conserved and moved to the next state [36,37]. Finally, the 

output state is calculated from the state cell according to weights. 

Each signal with 10,000 sample points was directly fed to LSTM. Three LSTM 

layers with 64 nodes and with the activation functions of “sigmoid”, “relu” and “tanh” were 

employed respectively in the LSTM structure. All layers were followed by dropout layers 
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with a 0.3 ratio and the structure was finalized with the “softmax” layer. The number of 

layers and activation function were determined by a grid search to select the best 

performing structure. 

 

Figure 5 LSTM framework 

2.1.3. General Framework 

Figure 6 summarizes the proposed vibration-based diagnostics framework. The 

input parameters for the healthy and faulty gear conditions are provided to dynamic models 

with the TPE model to generate the signals for 4 different classes (healthy gear and gear 

with three different crack sizes). The resulting raw data were then pre-processed depending 

on the ML algorithm adopted. The features of the signal are extracted manually for 

traditional ML algorithms, in which a training/testing sample proportion of 70% and 30% 

were used respectively. For the CNN algorithm, spectrogram, GADF and MTF images 

were created and a training, validation and testing proportion of 50%, 25%, 25% was 

adopted. Alternatively, the raw data was used directly in the CNN algorithm, as well as in 

the LSTM with the same training, validation and testing proportion used for the image 

input method. 
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Figure 6 Flowchart of the proposed single-stage gearbox vibration-based diagnostics 

framework 

2.2. Fault Diagnostics of a Planetary Gearbox  

2.2.1. Planetary Gearbox Dynamic Model 

A simplified mathematical model, based on the dynamic system developed by [62], 

was used to simulate the planetary gear set fault conditions. The dynamic model represents 

the planar vibration of single-stage planetary gears. The gears are spur-type and they were 

modeled as rigid masses. For each gear, three degrees of freedom were considered to 

describe its movement in the plane: one rotation and two translations. Figure 7 represents 

a model composed by the carrier, ring, sun, and the planet i. Just the planet i is presented, 

but the modeling is developed to include N planets. The rotating frame {𝐈, 𝐉, 𝐊} is fixed to 

the carrier in which rotates with the angular speed Ω𝑐, and 𝐊 is a vector perpendicular to 

the plane of rotation.  
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Figure 7 Planetary gear model 

The first planet is assumed to be along the axis of the rotating basis vector 𝑰. The 

rotational coordinates are 𝑢𝑙 = 𝑟𝑙𝜃𝑙, where 𝜃 is the component angular rotation, 𝑟 is the 

radial coordinate, and the sub-index 𝑙 denotes the carrier (𝑐), the ring (𝑟), the sun (𝑠), and 

the planets (𝑝1, … , 𝑝𝑁). In the case of the carrier, the radius is given by the circle passing 

through the planet centers. The carrier, ring and sun translations are represented by 𝑥𝑗 and 

𝑦𝑗, where: 𝑗 = 𝑐, 𝑟, 𝑠. In addition, the model includes the gyroscopic effects that alter the 

dynamic behavior of the system significantly in high-speed applications such as aero-

engines [62]. The system of differential equations describing the dynamics of all 

components of the planetary gearbox can be written in the matrix form as, 

 𝑴�̈�(𝑡) + Ω𝑐𝑮�̇�(𝑡) + [𝑲𝒃 + 𝑲𝒎 − Ω𝑐
2𝑲𝛀]𝒒(𝑡) = 𝑻(𝑡) + 𝑭(𝑡), (12) 

where: 𝑴, and 𝑲𝒃 are the inertia and the bearing stiffness matrices; 𝑲𝒎 is the time-varying 

stiffness associated with the variable number of teeth in contact. 𝑮  is the matrice related 

to the gyroscopic effects, and 𝑲𝛀 is the centripetal stiffness matrice. 𝑻(𝑡) is the external 

torque applied to the component and, 𝑭(𝑡) represents the static transmission error 

excitation force, 𝒒 is a vector representing the displacement responses of all system 

components given by [62], 

 𝒒 = {𝑥𝑐 , 𝑦𝑐 , 𝑢𝑐⏟    ,
𝑐𝑎𝑟𝑟𝑖𝑒𝑟

𝑥𝑟 , 𝑦𝑟 , 𝑢𝑟⏟    ,
𝑟𝑖𝑛𝑔

𝑥𝑠, 𝑦𝑠, 𝑢𝑠⏟    
𝑠𝑢𝑛

, 𝜉1, 𝜂1, 𝑢1⏟    ,
𝑝𝑙𝑎𝑛𝑒𝑡 1

 ⋯ , 𝜉𝑁 , 𝜂𝑁 , 𝑢𝑁⏟      
𝑝𝑙𝑎𝑛𝑒𝑡 𝑁

} (13) 
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The time-varying mesh stiffness of the teeth contact between the sun and the 

planets, and the planets and the ring, were adopted from the model proposed by [98]. As 

presented, this is a simplified and faster model that represents the dynamic behavior of the 

contact between the teeth. The stiffness of the contact between the teeth assumes a 

sinusoidal wave given by, 

 𝐾𝑟,𝑠−𝑖 = 𝐾𝑡 (1 + 𝑎 𝑐𝑜𝑠(𝑍𝑟,𝑠𝜔𝑟,𝑠𝑡 )) 
(14) 

where 𝐾𝑟,𝑠−𝑖 is the time-varying stiffness between the ring and the planet i or the sun and 

the planet I; 𝑍𝑟,𝑠 is the number of teeth for the ring and the sun. 𝐾𝑡 is the mean stiffness of 

the tooth considering one complete cycle and, 𝑎 = 0.4 is found experimentally as shown 

in [98]. Also, this equation may be adjusted by using a finite element model with further 

study. As well, an analytical procedure as described in [99] is being implemented aiming 

to develop a more realistic model to the varying mesh stiffness. As presented in [100], by 

considering the number of teeth of the sun, the ring, and the angle of the planet, it is possible 

to determine the mesh phase between the planets with respect to the first planet. In this 

model, the mesh phase between the planets with respect to the sun and the ring was 

considered to be zero.  

In order to simulate a fault on the system, a crack was introduced on the root of the 

tooth of the sun gear, similarly as presented in Figure 2. The crack is shown in green and 

the parameters used to characterize it are 𝑎 and 𝛼2 representing the size and the angle of 

the crack respectively. In the model, the crack decreases the mesh stiffness of the tooth by 

reducing the resistant area of the tooth at the root. According to [89], the bending stiffness 

of the cracked tooth is considered to be affected more by the crack, due to its power of 3 

dependency on the second moment of inertia. Equation 15 presents an approximation of 

the bending stiffness of the cracked tooth considering the resistant area. In the equation: w 

is the width of the gear, 𝐻𝑟 is the height of the resistant area of the cracked tooth cross 

section, L is the distance from the base of the tooth and, the 𝐵𝑡 is the length of the tooth 

base. 

 𝐾𝑏 = 3𝐸𝐼𝑏 𝐿
3⁄     where:       𝐼𝑏 = 𝑤 𝐻𝑟

3 12⁄ , 𝐻𝑟 = 𝐵𝑡 − 𝑎 𝑠𝑖𝑛𝛼  (15) 
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2.2.1.1. Tooth Profile Error Model 

The same TPE model was used in this part as the gear pair model in Section 2.1.1.1. 

2.2.2. Fault Diagnostics Model  

The fault diagnostic model used in this work is based on CNN. Each 1-D time series 

of vibration data, with 10,000 sample points, were reshaped to 100 x 100 and fed to the 

CNN model that consists of 3 consecutive layers of convolutional, activation and pooling, 

that is followed with 3 fully connected layers. After each activation layer, drop out layers 

were used to avoid overfitting.  

 

Figure 8 Convolutional neural network 

2.2.3. General Framework 

Figure 9 summarizes the proposed framework. The input parameters for the healthy 

and faulty gear conditions were provided to the dynamic model with the TPE model to 

generate the signals for 5 different conditions and datasets were generated. Two different 

methods were followed. In Method 1 after white Gaussian noise was added to all signals 

with different levels, the subsets that are used for training, validation, and testing were 

derived from a noisy signal. In other words, the training, validation and testing samples 

belong to the same subsets of a certain noise level. On the other hand, in Method 2, the 

training and validation steps were done using the data without noise. After the trained CNN 

model was obtained, it was tested with datasets with different levels of noise. 
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Figure 9 Flowchart of the proposed diagnostics framework [101] 

2.3. Fault Diagnostics of Hydrodynamic Journal Bearings 

Numerical models of hydrodynamic journal bearings with wear and ovalization 

faults are analyzed in this section. In the first part, numerical models of both fault types are 

explained. Then, the datasets were generated for both fault cases and the diagnostic 

framework is presented. Finally, diagnostics results are shown. 

2.3.1. Numerical Model of Worn Hydrodynamic Bearing  

The rotor was modeled using the FEM employing Timoshenko’s beam elements 

with 4 degrees-of-freedom per node, namely, two translational and two angular (lateral 

vibration) motions  [102]. The resulting equation of motion is given by, 

 𝑴�̈� + (𝑪 + 𝛺𝑮)�̇� + 𝑲𝑞 = 𝑭 (16) 

where M, C, K, and G are the global mass, damping, stiffness and gyroscopic matrices, 

respectively. Ω represents the rotating speed of the system, q is the vector with the system's 

degrees of freedom and F contains the external forces which are the unbalance force for 

this case. The C matrix, which represents the shaft equivalent structural damping, is 

modeled as a proportion of the stiffness matrix: 
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 𝑪 = 𝛽𝑲 (17) 

The Reynolds equation, which was numerically solved by the finite volumes 

method [103], provides the pressure distribution in the fluid given by,  

 
𝜕

𝜕𝜃
(ℎ3

𝜕𝑝

𝜕𝜃
) + 

𝜕

𝜕𝑥
(ℎ3

𝜕𝑝

𝜕𝑥
) = 6𝜇𝑈

𝜕ℎ

𝜕𝜃
+ 12𝜇

𝜕ℎ

𝜕𝑡
 (18) 

where p is the pressure, μ is the dynamic viscosity of the oil, U is the shaft’s linear velocity, 

h is the oil film thickness, t is the time, and (, x) are the spatial coordinates of the bearing 

domain. The pressure distribution was integrated to obtain the supporting hydrodynamic 

forces and the equivalent stiffness and damping coefficients of the bearing, as 

schematically illustrated in Figure 10(a). The dynamic coefficients were inserted into the 

stiffness and damping matrices of the system, 𝑪 and 𝑲 in Equation 16 in the respective 

positions of the bearings, in order to represent the inherent flexibility and dissipation of 

this type of bearing. 

The fault model used in this work considers that the wear (an abrasive assumption) 

in the bearing wall has variable depth in the circumferential direction and uniform thickness 

in the axial direction [71]. In this model, the wear can be located in any region of the 

bearing bore, which is essentially different from the well-known wear model proposed by 

[104] where the wear is fixed to only one region of the bearing bore. The wear model 

introduces an additional oil film layer with thickness δh(θ), as indicated in Figure 10(b) and 

the lubricating film thickness in the presence of wear becomes: 

 ℎ(𝜃) = ℎ0 + 𝛿ℎ(𝜃) (19) 

 𝛿ℎ(𝜃) = 𝑑𝑜 + 𝐶𝑟(1 − cos(𝜃 − 𝜋/2)) (20) 

 

where Cr is the radial clearance and do is the maximum wear depth. Outside the wear region 

between θ = θs and θ = θf, the depth δh(θ) is null. Consequently, the extreme points of the 

wear are given by, 

 
cos(𝜃 − 𝜋/2) =

𝑑0
𝐶𝑟
− 1 

(21) 

As the cosine function in Equation 21  has two identical solutions in the trigonometric arc, 

and including the angular displacement γ, we get, 
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 𝜃𝑠 =
𝜋

2
+ 𝑐𝑜𝑠−1 (

𝑑𝑜

𝐶𝑟
− 1) + 𝛾,         𝜃𝑓 =

𝜋

2
− 𝑐𝑜𝑠−1 (

𝑑𝑜

𝐶𝑟
− 1) + 𝛾 (22) 

 

Finally, the film thickness can be rewritten as follows: 

 
ℎ(𝜃) = {

ℎ0         0 ≤ 𝜃 ≤ 𝜃𝑠  and  𝜃𝑓 ≤ 𝜃 ≤ 2𝜋,

ℎ0 + 𝛿ℎ(𝜃)                          𝜃𝑠 < 𝜃 < 𝜃𝑓 ,
 

(23) 

Equation 23 was added to the Reynolds equation and solved by the finite volumes 

method [103]. For the time response, a non-linear Newmark scheme is used along with the 

Newton-Raphson method in order to find the position, velocity, and acceleration values for 

each time step [105]. As shown in Figure 10(c) the FE model of the rotor consists of 16 

beam elements, one disk element (node 11) and two hydrodynamic bearings (nodes 4 and 

15). The following properties were considered for the rotor: elastic modulus (2×1011 N/m2), 

density (7,850 kg/m3), Poisson’s ratio (0.3), shear modulus (0.796×1011 N/m2), and the 

coefficient of the stiffness proportional damping matrix (1.5×10-5). In addition, the main 

geometric and operational parameters of the bearing are presented in Table 2. The viscosity 

was considered as a function of temperature, using Roelands’ model [106]. A complete 

model for the rotating system was implemented and Figure 11 presents a flowchart of the 

main inputs and outputs of the algorithm. 

 
Figure 10 Hydrodynamic bearing system: a) dynamic model, b) wear model, c) finite 

element model 
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Figure 11 Flowchart of the algorithm developed for the rotating system 

Table 2 Bearing parameters 

Diameter (D) 31mm 

Length (L) 20mm 

Radial clearance (CR) 90µm 

Lubricant Oil ISO VG32 

Bearings loads B1:11.31N; B2:15.94N   

2.3.2. Numerical Model of Hydrodynamic Bearing with Ovalization 

Fault 

Similar to wear fault, for the bearing ovalization fault, the rotating system analyzed 

in this work was modeled using the FEM offered by Timoshenko as well [102]. The 

equation of motion of the rotating system is given Equation 16.  

The hydrodynamic journal bearing model was introduced through the equivalent 

stiffness and damping coefficients. Thus, by applying small perturbations in the 
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displacements and velocities of the shaft around its equilibrium position, the variation of 

the hydrodynamic forces can be obtained. Consequently, the equivalent stiffness and 

damping coefficients of the hydrodynamic bearing can be described as, [107]: 

 
𝐾ij =

∆𝐹i
∆𝑒j

 
(24) 

 
𝐶ij =

∆𝐹i
∆𝑒j̇

 
(25) 

where 𝐾ij and 𝐶ij represent the equivalent coefficients of stiffness and damping, 

respectively, 𝑒 is the eccentricity of the journal inside the bearing, �̇� is the eccentricity 

velocity, i and j represent the XY translational directions in the cartesian reference system. 

The hydrodynamic forces of the bearing are obtained from the pressure distribution that is 

determined by Reynold’s equation as well. 

 Once the pressure distribution was obtained, the hydrodynamic forces were 

calculated as, 

 
𝐹𝑋 = ∫ ∫ 𝑝 sin(γ) 𝑑𝑥

2𝜋𝑅

0

𝑑𝑧
𝑳

0

 
(26) 

 
𝐹𝑌 = ∫ ∫ −𝑝 cos(γ) 𝑑𝑥

2𝜋𝑅

0

𝑑𝑧
𝑳

0

 
(27) 

In order to consider the fault in the bearing, the ovalization model proposed by [18] 

was assumed as illustrated schematically in Figure 12(a). In this model, α is the ellipticity 

angle, φ is the angle defined between the vertical line and the line crossing the centers of 

t-=he journal and the bearing, γ is the angle of the coordinate system, and К is the 

ellipticity calculated by the difference between the maximum radial clearance and the mean 

radial clearance as, 

 К = 𝐶𝑟𝑚𝑎𝑥 − 𝐶𝑟 (28) 

where 𝐶𝑟𝑚𝑎𝑥  is the maximum radial clearance and 𝐶𝑟 is the mean radial clearance. Based 

on the oil film thickness of the elliptical bearing, the ellipse equation in polar coordinates 

can be described as, [108] 

 𝑅elp =
(𝐶𝑟 − К)

2(𝐶𝑟 + К)
2

[(𝐶𝑟 − К) sin(𝛾)]
2 + [(𝐶𝑟 + К) cos(𝛾)]

2
 (29) 
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Assuming that 2К ≪ Cr +К, Equation 29 can be reduced to, 

 𝑅elp = 𝐶𝑟 − К + 2К cos
2(𝛾) = 𝐶𝑟 +Кcos(2𝛾) (30) 

Adding the ellipse radius to the oil film thickness of conventional journal bearings, it is 

possible to find the oil film thickness equation for the ovalized bearing: 

 ℎ = 𝐶𝑟 + 𝑒𝑋 sin(γ) − 𝑒𝑌 cos(γ) + К cos[2(γ − 𝛼)] (31) 

Figure 12(b) depicts the FEM for the bearing used in this analysis. The model 

consists of 16 beam elements and 1 disk element (node 11). The bearings are located in the 

same nodes as the wear model with the same shaft materials material properties and same 

bearing geometric and operation parameters as shown in Table 2. The complete flowchart 

of the algorithm implemented for the rotor-bearings system model is presented in Figure 

13. The equation of motion if the rotor-bearings system is solved from the numerical time 

integrator. In this work, the nonlinear Newmark scheme is used along with the Newton-

Raphson method in order to find the position, velocity, and acceleration values for each 

time step [105]. 

 

Figure 12 Bearings system (a) Bearing scheme with the journal’s eccentricity and other 

important parameters of an elliptical bearing [18] (b) Finite element model for the rotating 

system 
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Figure 13 Flowchart of the algorithm developed for the rotor-bearings system 

2.3.3. General Framework for Bearing Fault Diagnostics 

In both diagnostics of bearings with wear and ovalization faults due to the very 

limited data, the data augmentation technique was incorporated in order to increase the 

performance of diagnostic accuracy. After the original data was generated using the 

numerical model, the number of samples in the datasets was expanded by 6 times by using 

a data augmentation technique. The effects of this method to results are discussed in the 

results section. 

2.3.3.1. Hydrodynamic Bearing with Wear Fault  

The classification model used in this work is based on CNN. Figure 14 shows the 

general framework used in the study. In total, 45 simulated signals for Bearing 1 and 

Bearing 2 were generated using 3 different operating lubricant temperatures (21.5,  26.5, 

and 31.5°C), 3 different operating rotational speeds (42.5, 63.75, and 85 Hz), and 5 

different rotating imbalances (3.28×10-5, 4.54×10-5, 5.80×10-5, 7.06×10-5, and 8.33×10-5 
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kg.m). There are many data augmentation techniques that are used to improve the results 

of the DL algorithms. In order to analyze the impact of the size of the dataset, the original 

dataset was augmented by adding Gaussian white noise with 5 different signal-to-noise 

ratios (SNR) levels to the original dataset (with 10, 12, 14, 16, and 18 SNR) as shown in 

Figure 14. After the original and augmented datasets were generated for both Bearing 1 

and Bearing 2, all datasets were split into 50%, 25% and 25% for training, validation, and 

testing purposes respectively, respectively. Each signal with its corresponding label was 

fed to the CNN model that consists of 3 consecutive layers of convolutional, activation and 

pooling, which are followed with 3 fully connected layers. After each activation layer, drop 

out layers were used to avoid overfitting. The testing data was fed to the trained CNN 

model. Then for each signal, the probability of each class was calculated. The fault 

prediction was determined according to the highest probability as shown in Figure 14. 

 

Figure 14 Wear fault diagnostics framework with a convolutional neural network [109] 

2.3.3.2. Hydrodynamic Bearing with Ovalization Fault  

For both Bearing 1 and Bearing 2, a total number of 45 signals were generated for 

7 different ovalization conditions with the same operating conditions that are used in the 

wear model. Therefore, a dataset with 315 vibration signals was obtained. The same data 

augmentation method is also used to obtain the augmented dataset as shown in Figure 15. 

Very similar to Figure 14, Figure 15 shows the general framework used in 

ovalization fault classification which is the same as the wear diagnosis framework. In total 

315 signals were generated for the 7 conditions by varying the operating conditions. Then 

5 different noise levels were added and bigger datasets were obtained for both Bearing 1 

and Bearing 2 with ovalization faults. The obtained datasets were fed to the CNN algorithm 
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as raw data without any signal processing. For both Bearing 1 and Bearing 2 datasets were 

divided into 3 subsets as training, validation, and testing subsets. The CNN algorithm was 

trained with a training subset and at each learning step, the validation subset was used in 

order to check the training progress. After the trained algorithm was obtained, the testing 

subset was fed to it and accuracy results were obtained for the severity of the fault. 

 
Figure 15 Ovalization fault diagnostics framework with the convolutional neural network 

[110] 

2.4. Fault Diagnostics of a Cantilever Beam: An Experimental Case 

Study 

In this part, a hybrid study was conducted for the diagnostics of a cantilever beam 

with different levels of cracks. It is a common practice to model gear teeth as a cantilever 

beam [85–87]. Thus, an experimental setup was designed to excite the cantilever beams 

with a shaker. The vibration response of the cantilever beam was recorded, and an identical 

setup was modeled in ANSYS. Both datasets were used individually and in a combined 

way for diagnostic purposes using the CNN algorithm. 

2.4.1. Experimental Setup 

The cantilever beams were designed in SolidWorks. Figure 16 shows the drawings 

of the beams. The four beams were manufactured out of a single beam which has a 

thickness of 3.175 mm, width of 25.4 mm and length of 1219.2 mm. The cracks were 

implemented to the beams with an electro-discharge machine. In the middle of the beams, 

7.62 mm away from the corner edge, a single hole was also made in each beam and later 

threaded for M3 bolts that are used to attach the accelerometer. The cracks have a width of 

0.3 mm.  
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Figure 16 The 3-D computer-aided model of the manufactured beams for healthy C0, 20% 

crack C1, 40% crack C2, and 60% crack C3 from top to bottom respectively (all dimensions 

are in mm). 

The manufactured beams are shown in Figure 17. The manufactured beams were 

attached to the fixture that was connected to the vertical shaker (Calidyne Inc., Model A88) 

similar to the experimental setup presented in the study of Habtour et al. [111,112]. Two 

accelerometers were used, one attached to the tip of the cantilever beam, and another one 

attached to the fixture of the beam to record the input excitation to the setup as shown in 

Figure 18 (a) and (b). The excitation acceleration amplitude and frequency of the shaker 

were set using a waveform generator (Siglent SDG1025 Figure 19). Sinusoidal input was 

used and frequencies between 17.1 Hz and 18.5 Hz with 0.1 Hz increments were used as 

inputs to the shaker system. At each frequency, 10 consecutive measurements with a 1-

second duration were collected. Each measurement contains 4096 point readings per 

second. The vibration response of the system was measured using 12-channel Brüel & Kjær 

(Figure 20) data acquisition system and vibration signals were exported to an excel file 

using BK Connect software. 
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Figure 17 Manufactured cantilever beams (healthy C0, 20% crack C1, 40% crack C2, and 

60% crack from top to bottom respectively) 

 

 

Figure 18 Side view and top view of the experimental setup with the healthy cantilever 

beam 
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Figure 19 Waveform generator (Siglent SDG1025) that is used to determine excitation 

frequency and amplitude 

 

 

Figure 20 12 Channel Brüel & Kjær data acquisition system 

2.4.2. Finite Element Model 

The 3-D computer-aided drawings that were used for the manufacturing of the 

beams were used as geometry inputs to the ANSYS model with a slight modification. The 

drawings that are used for manufacturing has a length of 279.4 mm, however, 63.5 mm of 

the total beam stays inside of the fixture. Thus, the geometries that are used in ANSYS had 

a length of 215.9 mm.  While one end of the cantilever beam was identified as the base, 
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the other was identified as the free tip. Using the base geometry of the cantilever beam, 

four different conditions were generated as follows, healthy cantilever beam (C0), the beam 

with 20% of crack size (C1), the beam with 40% of crack size (C2), the beam with 60% of 

crack size (C3). Cracks were 0.1 mm wide and located 12.7 mm away from the base end 

of the cantilever beam.  

FE simulations were generated in ANSYS Workbench R19.1. Cantilever beam 

geometries were transferred to ANSYS and the material was assigned as stainless steel 

(Young’s Modulus = 193 GPa, density = 7750 kg/m-3). Figure 21 shows the two connected 

modules, namely modal and transient structural, that were used for the analysis. Cantilever 

beam was discretized with quadratic hexagonal elements since they match the base 

geometry and the crack geometries better. Mesh seed size was determined as 2 mm and the 

resulting mesh had 11584 nodes. A fixed support boundary condition was assigned to the 

base end of the cantilever beam in the modal side of the analysis. On the transient side, the 

base tip was loaded with the acceleration on the y-axis as shown in Figure 22. Acceleration 

data was taken from the experiment and imported to ANSYS as tabular data. Imported data 

was a result of 4096-time stamps. Therefore, timestep was determined as 1/4096 seconds 

for the analysis. The acceleration data that was used in ANSYS as base excitation was 

determined by the collected data from the base end of the experimental setup. For each 11 

frequency that was used in the experimental setup, the amplitude of the acceleration was 

calculated using a sinusoidal function and the input of the base excitation in ANSYS was 

determined. For each condition, 110 simulations were run by varying the amplitude slightly 

with a normal distribution. As it has been done in the experimental setup, the directional 

acceleration of the free tip was collected as the result of the analysis.  
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Figure 21 Connected ANSYS modules for generating simulated data 

 

Figure 22 ANSYS model of the cantilever beam 

2.4.3. General Framework 

In this part, two different approaches were proposed. In the first case, the scenario 

where there is an available experimental dataset in limited quantity was assumed. After 

experimental and FE datasets were obtained, a third dataset was also generated from 

combining these two datasets. Each generated dataset was fed to CNN individually, by 

dividing the dataset into 3 different datasets by 50% for training, 25% for validation and 

25% for testing as shown in Figure 23. After the CNN algorithm was trained, 25% of the 

dataset was used to get accuracy prediction for the conditions. The accuracy results were 

compared and discussed.  

In the second case, the scenario where there was no available experimental dataset 

for DL training purposes was assumed. In this approach, however, as described in Figure 

24, the CNN algorithm was solely trained with the FE dataset. At each step, 30% of the 
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experimental dataset was used as a validation dataset to check the progress of the training 

process. After the trained algorithm was obtained, the remaining 70% of the experimental 

dataset was fed into the trained algorithm and classification accuracies were obtained.  

In both Case 1 and Case 2, the same CNN layer structure was used as explained in 

section 2.1.2.2 with the addition of regularization methods to avoid overfitting. Since the 

nature of the training and testing datasets are different, a generalization method was 

required. Otherwise, the CNN model memorizes the training dataset, and cannot make any 

relation with the damage level of the testing dataset.  

 

Figure 23 Case 1: Training the CNN algorithm with the same subsets of FE dataset, 

combined dataset, and experimental dataset. 
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Figure 24 Case 2: Training the CNN algorithm with FE model data and testing it with 

experimental data  
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CHAPTER 3.  

RESULTS AND DISCUSSIONS 

In this chapter, the results of the 4 specific aims defined in section 1.5.3 are 

presented. In the first part, gear pair vibration datasets with different levels of fault 

conditions were generated using a mathematical model. Using the generated datasets, a 

comparison study was performed in order to identify the best performing algorithm out of 

ML and DL methods for further studies. In the second part of the results section, 

classification accuracies of planetary gearbox fault diagnostics framework with realistic 

simulated vibration data are presented. In the third part, bearings with wear and ovalization 

faults with different levels are presented. For the first three specific aims, mathematical 

models were used to generate datasets that are used for training and testing purposes where 

experimental proof of work was missing. In order to address this issue, in the last part, for 

the last specific aim, FEM and experimental datasets were used with the proposed 

frameworks. Presented results clearly demonstrated the importance of the framework that 

used simulated vibration data to train ML and DL algorithms to diagnose the condition of 

real setups. This not only provides a major decrease in the cost of data generation for 

various scenarios but also it provides an alternative mean of data generation technique for 

the faults that are hard to generate experimentally. 

3.1. Fault Diagnostics of a Gear Pair2 

In this part, firstly, the effects of TPE on the vibration response is presented and 

discussed. Then generated datasets are presented. Thirdly, classification accuracies of ML 

algorithms are presented and discussed. Following that, the image encoding methods and 

their accuracies with a CNN algorithm are presented. Lastly, the accuracy results of raw 

data input to CNN and LSTM are presented and discussed. 

 
2 Extracts of Gecgel et al. 2019 [83] © IEEE 2019 
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3.1.1. Dynamic Response of the Single-Stage Gearbox 

Figure 25 presents the results showing the comparison between the simulated 

vibration signal of the pinion, with and without the TPE for different crack sizes in the 

pinion tooth. The vibration data from the dynamic model with TPE was obtained using 

TPE parameters of emax = 5 μm and rces = 0.15. The impact on the dynamic response of the 

gear system is clearly evidenced by the sudden variations on the acceleration magnitude of 

the pinion. One can observe that the visual regularity of the simulated acceleration signals 

without the TPE is lost when this effect is considered. Figure 25 (a)-(d) show the change 

in the vibration pattern during the meshing of the healthy and 3 different levels of the faulty 

tooth. As it is highlighted with red dashed squares, the irregularity in the vibration when 

the cracked tooth is meshed becomes visually less distinguishable in the signals obtained 

with the TPE model as the crack size is reduced. The results indicate that, despite the micro-

geometrical nature of the TPE, this effect can represent some random characteristics 

observed in real vibration data, which can make the detection of early crack faults difficult 

for conventional feature extraction techniques. 

In an attempt to explore the impact of the TPE model parameters on the dynamic 

response of the gear system, the acceleration of the pinion was simulated with different 

values of emax and rces, and is presented in, Figure 26 and Figure 27, respectively. From the 

plots, it is clearly seen that the magnitude of the pinion acceleration increases when emax or 

rces is increased. In addition to the change in magnitude, it can be observed that changes in 

rces have an impact on the pattern of the acceleration signal as well. This occurs due to the 

greater rces value increasing the effect of the random numbers (li) utilized to assess the 

values of Er. Since the TPE parameters emax and rces may vary depending on the 

manufacturing process and on the wear state of the gear surface, experimental data is 

required to have a better characterization of such parameters. 
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Figure 25 Comparison of simulated vibration data obtained with and without the TPE for 

different crack sizes in the pinion: (a) 0.0 mm, (b) 1.5 mm, (c) 3.0 mm, (d) 4.5 mm 

(simulation conditions T = 15 N.m, f = 2160 rpm, emax =5 μm) 
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Figure 26 Effect of the maximum error of the tooth profile on the simulated vibration data 

with a 4.5 mm crack in the pinion for (a) emax =3 μm, and (b) emax =10 μm (simulation 

conditions T =15 N.m,  f =2160 rpm, and rces= 0.15) 

 

 

Figure 27 Effect of the parameter rces of the tooth profile on the simulated vibration data 

with a 3.0 mm crack in the pinion for (a) rces=0.15, and (b) rces=0.30 (simulation conditions 

T=15 N.m,  f =2160 rpm, and emax=10 μm) 

3.1.2. Generated Datasets 

In total, 12 datasets are generated for the training/testing procedure by adding 3 

different levels of noise to the initial datasets. As shown in Table 3, the first three rows 

present datasets of individual 3 TPE levels (emax parameters of 3, 5, 10 µm) and the fourth 

row presents a combination of each individual TPE level datasets (first 3 rows). After these 

4 datasets were generated, 3 different noise levels (5, 10, 15 SNR) were considered and 3 

different variations of the initial 4 datasets were obtained. While individual TPE level 

datasets have a sample size of 3,200 signals, datasets with the combination of TPE levels 

have a sample size of 9,600 signals. The 3,200 sample signals result from the combination 
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of 20 values of input motor torque (uniformly spaced between 15 and 75 N.m), 20 values 

of input shaft rotational speed (uniformly spaced between 1,440 and 2,160 rpm), and 2 

values of TPE rces parameter (0.15 and 0.30) for each one of the four classes. The last 3 

datasets are obtained by a combination of all TPE levels with three different noise levels 

with a total of 9,600 sample signals for each dataset. After the signals are generated, white 

Gaussian noise is added to the simulated signal. 

Table 3 Obtained datasets for gear pair diagnostics 

emax SNR Sample size # of data sets 

3µm 5 - 10 - 15 3200 signals 3 

5µm 5 - 10 - 15 3200 signals 3 

10µm 5 - 10 - 15 3200 signals 3 

3µm, 5µm, 10µm 5 - 10 - 15 9600 signals 3 

3.1.3. Fault Classification Results 

In this part, firstly, the classification results of traditional ML algorithms will be 

shown. Secondly, the examples images of encoding time series to images will be shown 

followed by classification results of CNN with the encoded images. Lastly, CNN and 

LSTM classification results with raw vibration data will be analyzed and discussed.  

3.1.3.1. Traditional Machine Learning Results with Manual Feature 

Extraction 

All the features were extracted and used as inputs to the SVC, RFC and DTC 

algorithms.  All three classifiers were tuned for their optimum parameters for each dataset 

and all the classifiers were run 20 times to see the variations in the accuracy. Figure 28 

shows accuracies and error bars for all datasets in 4 groups. Each group represents rows 1 

to 4 of  Table 3 respectively. As shown in this figure, all the classifiers resulted in very low 

accuracies. Even with the least challenging data set, lowest TPE level and lowest noise 

level (emax=3 µm, 15 SNR), the highest accuracy achieved was 80.4% by RFC. As the noise 

level and TPE level were increased, a decrease in mean accuracy and an increase in 

standard deviation were observed as expected. As aforementioned, the results of traditional 
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ML algorithms are highly depended on the features that are used. These results could be 

improved by exploring more features and trying to see which features might improve the 

accuracy by trial error. Yet, since this approach is very cumbersome and the initial results 

were not promising at all, no further analyses have been done with traditional ML 

classifiers. Thus, research was moved on to DL algorithms. 

 

Figure 28 Accuracies of traditional ML algorithms 

3.1.3.2. CNN with Image Input 

Using all the data sets, spectrogram, MTF and GADF images were generated for 

each signal in all the 12 data sets. All the images were resized to 100100 pixels to make 

the data easier to handle and to save on the computational power. Feeding images with the 

initial pixel size of 430430 requires higher memory and computational time. 100100 

was determined as the ideal pixel size due to computational efficiency and no loss in critical 

information. Figure 29 shows the example images with their compressed versions for 

spectrogram, MTF, and GADF respectively. As a result, 36 different datasets were 

generated were used as inputs to CNN. Figure 30 shows classification accuracies with the 

error bars for 20 different runs. It can be easily seen that for all levels of noise and TPE, 

encoding time series into images with GADF resulted in better accuracy compared to 

spectrogram and MTF. As expected, as the noise level and TPE level increases, accuracy 
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decreases. Moreover, it resulted in a greater span of an error bar. It can also be observed 

that as all TPE levels were combined, overall accuracy increases. To elaborate, for GADF 

encoding at 5 SNR level accuracies are 88%, 81% and 77% for 3µm, 5µm, 10µm TPE 

levels respectively, while they are fed one by one, with an average of 82% of the 20 runs. 

On the other hand, when they are fed all together the average accuracy goes to 86%. In this 

study, although it is not a commonly used TPE level, 3µm TPE level was also used as a 

data augmentation tool to see if it will have any effect on the accuracy as the number of the 

sample size increases. Moreover, it was shown that it has a positive effect when combined 

with the other signals.  

 

Figure 29 Encoding time series of data to images with a) Spectrogram b) MTF c) GADF 

Confusion matrix of CNN with the GADF encoding method for the data set with 5 

SNR and all TPE signals is shown in Figure 31. In this figure, the condition classification 

and misclassification results can be observed in detail. The vertical axis represents the 

actual label of the pinion condition in terms of crack size, and the horizontal axis shows 

the predicted label. The diagonal of a confusion matrix (from top left to bottom right) 

represents the classification accuracy of each condition. A diagonal value lower than unity 

Spectrogram MTF GADF

Raw 

Signal

Encoded 

Image

Compressed 

Image

(a) (b) (c)
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indicates that the classifier has confused a certain crack size with a different one. For 

instance, while 80% of the healthy signals predicted correctly, 18% of healthy signals are 

classified as a 1.5mm crack fault and 2% of the healthy signals are classified as a 3mm 

crack fault. Most of the misclassification was observed in the distinction of the healthy gear 

and 1.5mm crack size. This has already been pointed out as one of the main challenges of 

diagnostics of small size cracks in gears [60].   

 

Figure 30 Accuracies of CNN with different encoding methods 

 

Figure 31 Confusion matrix of CNN with the GADF encoding method 
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3.1.3.3. LSTM and CNN with Raw Data Inputs  

In this part, the classification results of LSTM and CNN with raw data inputs are 

presented. While all the signals were fed to LSTM directly, for CNN, each signal was 

reshaped to 2-D to be able to use the same layer structure that is used for image inputs. 

Finally, as stated before, data was divided into three, with 50% for training, 25% for 

validation and another 25% for testing. Figure 32 shows classification accuracies with the 

error bars for each data set for LSTM and CNN. It can be seen that for all levels of noise 

and TPE level, CNN outperforms LSTM and all other methods discussed above. Moreover, 

from the error bars, we can see that CNN with raw data input has the lowest variation 

among all other methods. We can also observe that LSTM benefits from combining all the 

data together greatly. For instance, while the mean accuracy of each run for 5 SNR with 

single TPE level is 64% when all the TPE levels were combined the mean accuracy 

increases to 84%. This accuracy result is even greater than the accuracy of the least 

challenging dataset (emax=3µm, 15 SNR) with an accuracy of 68%. CNN results with raw 

data input shows similar accuracy trends as image inputs. It benefits from the combination 

of all TPE levels at a similar rate to the image inputs. We can say that CNN performs better 

than LSTM with less amount of data and data augmentation can improve the accuracy of 

LSTM dramatically. 

 

Figure 32 Accuracies of CNN and LSTM with raw data inputs 
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Figure 33 shows the confusion matrix of CNN with raw data input. Similar to Figure 31 

most of the misclassification is done at the smaller crack sizes. Although classification 

accuracies of healthy and 1.5mm crack sizes are close to each other for both methods, the 

classification accuracy of 3mm crack size with CNN raw data performs much better. 

 

Figure 33 Confusion matrix of CNN with raw data input 

3.1.4. Conclusions 

The performance of ML and DL fault classification algorithms in vibration-based 

diagnostics of a single-stage gearbox was compared. A 6-DOF dynamic model of a single-

stage gearbox was developed to simulate vibration data. To make the simulated vibration 

signals more realistic, TPE was considered, and Gaussian white noise was added to the 

signal. The model was used to generate data for different operating conditions for both 

healthy and damaged gearbox scenarios. Statistical condition indicators were extracted 

from vibration signals to be used for training and testing of traditional ML algorithms 

namely SVC, RFC and DTC. For CNN, vibration signals were converted to images using 

several image encoding methods. Moreover, 1-D vibration signals were reshaped to 2-D to 

be able to feed them to the CNN algorithm. No preprocessing has been done for LSTM and 

the raw data was fed directly. All the algorithms were tuned for their best-performing 

architectures. Finally, the obtained fault classification accuracy rates were compared. The 
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results have shown that the micro-geometrical nature of the TPE added considerable 

complexity to the simulated signal, which brought more difficulty to some classification 

algorithms to detect and identify the presence of the crack in the gear tooth.  

CNN showed superior performance compared to LSTM and traditional ML 

classifiers. Although CNN is a very popular tool for image recognition and image 

classification, it was nevertheless shown to perform the best among all other methods with 

raw vibration signals. This may be attributed to two reasons. First, due to the nature of the 

data, fault, and application, CNN was the best performing algorithm to use for diagnostics 

of gear pair with simulated data. Simply capabilities of CNN were fitting better in terms of 

feature extraction and diagnostics of the data. These results are also consistent with some 

other studies where CNN and LSTM were compared in rotor dynamic diagnostic studies 

[113–115]. The second reason can be due to computational limitations characteristic. In 

this case, LSTM was a computationally more expensive algorithm compared to CNN. The 

computational time of a single run of LSTM was taking 3 times more than CNN. For this 

reason, the exhaustive model tuning of LSTM might not have been done as extensive as 

CNN due to limited computational power (single GPU: GTX 1070 8GB) and limited time. 

All the algorithms were tuned to their optimum parameters through an iterative process. 

Since LSTM was taking 3 times longer time to get results, the number of trials that were 

done to optimize it was 3 times less compared to CNN. Although there was more room to 

improve for LSTM by model optimization, due to computational efficiency and good 

performance, CNN was selected to be the best performing algorithm and it was used 

through the second, third, and fourth specific aims of this dissertation.  

3.2. Fault Diagnostics of a Planetary Gearbox  

In this part, firstly, validation of the dynamic model is discussed. Then, the 

classification results of Method 1, which is training and testing the CNN model with the 

subsets of the same dataset is shown. Lastly, classification results of Method 2, consisting 

of training the CNN model without added white Gaussian noise and testing the model with 

the datasets that have different levels of noise, are shown. For all datasets, CNN models 
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were run for 20 times to calculate the consistency of the accuracies. Mean accuracy results 

and variations in accuracy results are presented in the section. 

3.2.1. Dynamic Model Verification  

The Planetary model that is studied in this work is presented on the NASA report 

[116]. It refers to the Army OH-58 Kiowa planetary gear set. Only the first stage of the 

gear set was considered. This stage is composed of sun, ring, carrier and three planets and 

it corresponds to a model with 18 degrees-of-freedom. In order to verify the results 

obtained with the planetary gearbox model proposed here, the same parameters used by 

[62] were considered. The parameters used to perform the simulations are presented in 

Table 4. The planet bearing stiffness and the bearing stiffness of all other components were 

assumed to be the same.  

Table 4 Planetary gearbox parameters used for the model verification 

 Carrier Ring Sun Planets 

Mass (Kg) 5.43 2.35 0.4 0.66 

𝐼/𝑟2(Kg) 6.29 3.00 0.39 0.61 

Base Diameter (mm) 176.8 275.0 77.4 100.3 

Mesh Stiffness (N/m) 𝐾𝑟,𝑠 = 5 x 10
8 

Bearing Stiffness (N/m) 𝐾𝑥𝑐 = 𝐾𝑥𝑟 = 𝐾𝑥𝑠 = 𝐾𝜂𝑖 = 𝐾𝑦𝑐 = 𝐾𝑦𝑟 = 𝐾𝑦𝑠 = 𝐾𝜉𝑖 = 1x10
8 

Torsional Stiffness (N/m) 𝐾𝑢𝑐 = 𝐾𝑢𝑠 = 𝐾𝑢𝑖 = 0, and, 𝐾𝑢𝑟 = 1x10
9 

Pressure Angle 𝛼𝑠 = 𝛼𝑟 = 𝛼𝑝 = 24.6
𝑜 

 

Table 5 presents the modal model verification. This table compares the natural 

frequencies determined by [62] and the natural frequencies of the developed model. The 

same considerations presented by [62] were used to solve the eigenvalue problem in order 

to determine the natural frequencies and mode shapes of the systems.  Those modes are 

related to translational and rotational mode shapes. Due to the symmetry of the system, the 

translational mode shapes appear in pairs. This way, 6 natural frequencies that correspond 

to rotational mode shapes and, 6 natural frequencies related to the translational mode 

shapes (12 modes in pairs) were presented. It can be observed a quite good agreement 
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between the natural frequencies presented on the reference and the natural frequencies of 

the planetary model developed. 

 

Table 5 Results for the natural frequencies of the three planets gear system 

 
Reference Model [Hz] Developed Model [Hz] 

Rotational Modes 

- multiplicity of one 

0.00 0.00 

1475.70 1475.75 

1930.30 1930.35 

2658.30 2658.32 

7462.80 7462.80 

11775.30 11775.27 

Translational 

Modes - multiplicity of 

two 

743.20 743.16 

1102.40 1102.42 

1896.00 1896.02 

2276.40 2276.38 

6986.30 6986.30 

9647.90 9647.91 

3.2.2. Generated Datasets for Planetary Gearbox Diagnostics 

For each condition, namely: healthy, 1mm, 2 mm, 3mm and 4mm crack sizes in a 

tooth, 1200 signals were generated by using 20 different rotation speeds, 20 different torque 

levels, and 3 different crack angles as shown in Table 6. The 20 different rotational speed 

levels are normally distributed with a mean of 1600 rpm and a standard deviation of 0.2. 

The 20 different torque levels are normally distributed with a mean of 1413N.m with a 

standard deviation of 0.2 as well. Finally, crack angles are selected as 35, 45 and 55 

degrees. Each signal consists of 10000 sample points of the 1-second duration of 

acceleration. The datasets used as input to all machine learning algorithms derived from 

different combinations of 2 different levels of TPE (emax=5-10µm) data with 3 different 

noise levels (5-10-15SNR). Lastly, for the 3 different noise levels, the signals with all the 

tooth profile error combined. As a result, as shown in Table 7, 12 different datasets were 

obtained when the datasets with no noise considered as well. Specifically, the combination 
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of all the tooth profile errors for the datasets 9, 10, 11 and 12 yields 12000 signals, the 

others (datasets 1-8) yields 6000 signals as shown in Table 7. 

Table 6 Generated signals for each condition 

Conditions # of rotational speeds # of torque Levels # of crack angles # of data signals 

Healthy Gear 20 20 3 1200 

1 mm Crack 20 20 3 1200 

2 mm Crack 20 20 3 1200 

3 mm Crack 20 20 3 1200 

4 mm Crack 20 20 3 1200 

 

Table 7 Generated datasets used for fault diagnostics 

# of Dataset TPE Level Noise Level Sample size 

1 emax=5 µm No Noise 6000 

2 emax =5 µm 5 SNR 6000 

3 emax =5 µm 10 SNR 6000 

4 emax =5 µm 15 SNR 6000 

5 emax =10 µm No Noise 6000 

6 emax =10 µm 5 SNR 6000 

7 emax =10 µm 10 SNR 6000 

8 emax =10 µm 15 SNR 6000 

9 emax =5µm, 10µm No Noise 12000 

10 emax =5µm, 10µm 5 SNR 12000 

11 emax =5µm, 10µm 10 SNR 12000 

12 emax =5µm, 10µm 15 SNR 12000 

 

The resulting datasets were used in 2 methods in section 2.2.3 and were fed to the 

CNN model.  In the first method, after all datasets reshaped to 100x100 matrix, first, CNN 

model is trained, validated and tested with the subsets of same datasets (Datasets 2, 3, 4, 6, 

7, 8, 10, 11 and 12) that are divided randomly by 50%, 25% and 25% respectively. In the 

second method, the dataset with no added white Gaussian noise (datasets 1, 5, and 9) was 

used for training and validation as 75% and 25% respectively, and then testing of the 
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trained model is done with the datasets that have different levels of noise with the 

corresponding TPE level. Finally, the classification results of both methods are compared 

and evaluated. 

3.2.3. Fault Classification Results 

3.2.3.1. Results of Training and Testing with Subsets of Same Datasets 

Figure 34 shows the accuracy levels of datasets with different noise levels and 

different TPE levels. From this figure, it can be observed that as the noise level and TPE 

levels increased, the accuracy decreases and the variation in accuracy increases.  Moreover, 

it is also observed that when 2 datasets with emax=5 and emax=10 TPE levels were combined 

the mean of overall accuracy performed better than the mean of the results when datasets 

were fed individually. For instance, when the accuracy of dataset number 2, 6 and 10 

investigated, it can be seen that while individual accuracy scores of datasets 2 and 6 are 

95% and 92%, when those datasets are combined (e.g. dataset 12) accuracy goes up to 94% 

with lower standard deviation compared to average of dataset number 2 and 6 individually. 

This indicates that as the number of signals increases accuracy increases.  

 

Figure 34 Classification accuracy levels and variation bars for Method 1 
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Figure 35 shows the confusion matrix for the dataset with 10 SNR noise levels for combined 

TPE levels (dataset number 8). This result demonstrates that the developed CNN model is very 

good at distinguishing the early crack sizes. Although it is not expected to have misclassification 

errors to happen in larger size cracks, our validation preliminary efforts showed that it is mainly 

due to the nature of added noise. As the crack size increases the amplitude of the response increases. 

Thus, the amplitude of added noise increases which makes the higher crack size signals noisier. 

 

Figure 35 Confusion matrix of method 1 for the dataset 11 (emax=5, 10µm with 10 SNR) 

3.2.3.2. Results of Training with No Noise Data and Testing with Noisy 

Datasets 

Figure 36 shows the accuracy results and accuracy variation bars of the second 

method that is training the CNN model with dataset has no noise and testing with noisy 

datasets to simulate real-life conditions. For training and validation datasets without noise 

(datasets 1, 5 and 9) used individually. As explained above at each epoch the validation 

scores observed and evaluated and at the best scoring epoch, the model weights were saved. 

Later, datasets with 3 different noise levels (5, 10 and 15 SNR) were fed to each trained 

model with the corresponding TPE level. For instance, the model trained with data set 1 

was tested with datasets 2, 3 and 4 one by one. From the accuracies are presented in Figure 

36, it can easily be seen that training and testing with different datasets show a very similar 
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trend as Figure 34. As the noise and TPE level increase the accuracies decrease and 

variation in accuracy results increase. Even though the CNN model was tested with a 

different dataset that has a high level of random noise added to it, Figure 36 shows high 

accuracy results. Especially at 10 and 15 SNR noise levels, the results are almost the same 

as the results presented in Figure 34. As shown in Figure 36 at the highest noise level, 5 

SNR, the accuracy is slightly lowered and the noise introduces higher variation in 

consecutive 20 runs.  

 

Figure 36 Classification accuracy levels and variation bars for method 2 

Moreover, Figure 37 also proves that classification scores of early crack sizes are 

promising. As aforementioned above, at larger crack sizes accuracies are lower due to 

higher noise. In both Figure 35 and Figure 37, it can be noted that the 3 mm crack has an 

abnormally higher misclassification rate compared to the 4 mm crack condition.  A further 

investigation will be done for this case to explore the cause of this. 
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Figure 37 Confusion matrix of method 2 for the dataset 11 (emax=5, 10µm with 10 SNR) 

3.2.4. Conclusion 

CNN deep learning classification performance comparison to diagnose faults in a 

planetary gearbox configuration based on realistic simulated vibration data was presented. 

A mathematical model was developed to simulate the dynamic response of planetary gear 

set with different levels of the crack in the tooth. To make the simulated vibration signals 

more realistic, TPE was considered, and Gaussian white noise was added to the signal. The 

model was used to generate data for different operating conditions for both healthy and 

damaged gearbox scenarios. 1-D vibration signals were reshaped to 2-D and fed to the 

CNN algorithm. The CNN model was trained and tested with different datasets that have 

different levels of TPE and noise levels. The model also trained with datasets without any 

noise and tested with noisy signals to simulate real-life conditions. CNN algorithm showed 

very good classification accuracies even with the high levels of noisy datasets.  The results 

indicated that simulated vibration data can be a great solution for real-life condition 

monitoring problems. Moreover, when different levels TPE datasets combined it was 

observed that accuracy increased. This concludes that in the case of low accuracy data 

mining with different TPE levels would be useful. In conclusion, the results indicate that 
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training machine learning algorithms with simulated vibration data for all possible faulty 

conditions can be a great solution for real-life condition monitoring problems.  

3.3. Fault Diagnostics of Bearing Faults 

In the first and second part of the study, datasets for hydrodynamic journal bearings 

with wear and ovalization faults are presented respectively. Then, for both fault types, 

diagnostic results are shown and discussed.  

3.3.1. Generated Datasets for Bearings with Wear Faults 

Figure 38(a) shows the simulated accelerations of the original dataset for the 7 

conditions whereas Figure 38(b) shows the respective accelerations of the augmented 

dataset with 10 SNR noise levels. The original accelerations have constant amplitudes and 

a very regular pattern, which are not realistic according to experimental observations. In 

real-life situations, acceleration signals present random components due to noise, which 

should be taken into account in the bearing dynamic modeling. Moreover, the random 

nature of the added noise creates slight variations of the original signal which augmented 

dataset size. Thus, the performance of the deep learning algorithm was improved.  

Each set of 45 simulation signals for Bearing 1 and Bearing 2 was repeated for 7 

different wear conditions (classes) as shown in Table 8. As it is well known, deep learning 

algorithms perform better as the sample size increases. In order to analyze the impact of 

the size of the dataset, the original dataset was augmented by adding Gaussian white noise 

with 5 different signal-to-noise ratios (SNR) levels to the original dataset. All the signals 

were labeled according to the conditions and combined together. As a result, a dataset with 

270 signals per condition was obtained which makes 1890 signals in total Table 8 shows 

the dataset size of the original dataset and augmented dataset, as well as the wear fault 

parameters for each condition. 
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Figure 38 Simulated accelerations for the 7 conditions: (a) without added white Gaussian 

noise and (b) with added white Gaussian noise (10 SNR) 
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Table 8 Wear conditions (classes) considered in the deep learning classification problem. 

Wear 

Condition 

Depth (μm) Angle () Original 

Dataset Size 

Augmented 

Dataset Size 

C1 22.5 0 45 270 

C2 22.5 20 45 270 

C3 30.0 0 45 270 

C4 30.0 20 45 270 

C5 45.0 0 45 270 

C6 45.0 20 45 270 

C7 0.0 - 45 270 

Total Number of Samples 315 1890 

3.3.2. Diagnostic Results of Hydrodynamic Bearing with Wear Faults 

The original dataset with 315 samples and the augmented dataset with 1,890 

samples for both Bearing 1 and Bearing 2 were used as inputs to the CNN algorithm. The 

accuracy of the proposed classification framework was assessed by running the CNN 

algorithm 25 times consecutively with the random selection of the training and testing 

datasets to check the consistency and the variation of the results. Figure 39 presents the 

results for the mean accuracies obtained from the 25 runs and the standard deviation 

(represented by error bars) for both the original and augmented datasets of Bearing 1 and 

Bearing 2. From this figure, it can be seen that the data augmentation improved the 

accuracy results of both datasets for both bearings significantly. While the classification 

accuracy of Bearing 1 went from 61% to 90%, the mean accuracy of Bearing 2 went from 

78% to 95%. As it can be seen from the error bars with the augmented datasets, accuracy 

results get more consistent and standard deviation decreases drastically. This proves that 

the data augmentation technique results in remarkable improvement for the classification 

results. However, Bearing 1 has a higher improvement in accuracy than Bearing 2 results. 

This shows that the data augmentation technique has a higher impact on more challenging 

datasets. Since a lower static load was applied to Bearing 1, the wear in this bearing is more 

difficult to detect. On the other hand, Bearing 2 has experienced a higher static load and 
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the wear is more perceptive due to the reduction in the lubricant film thickness compared 

to Bearing 1. 

 

Figure 39 Accuracy results for the original and augmented datasets for Bearing 1, and 

Bearing 2 

Confusion matrices for the wear fault classification of Bearing 1 and Bearing 2 with 

the augmented datasets are presented in Figure 40. In both bearings, most of the 

misclassification was observed in lower levels of wear depth. The classification accuracy 

increases as the wear level increases due to the stronger fault signatures. 

 

Figure 40 Confusion matrices for the wear fault detection for (a) Bearing 1, and (b) Bearing 

2 augmented datasets 
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As aforementioned, the overall accuracy of Bearing 2 is higher due to the higher load. But, 

when individual accuracy scores of each class are investigated, it can be seen that at 45μm 

(condition C5 and C6) wear depth level, the results of Bearing 1 and Bearing 2 are almost 

the same, unlike lower wear depths. Thus, it can be concluded that the applied load has no 

effect on the accuracy result as the fault size increases. 

3.3.3. Generated Datasets for Bearings with Ovalization Faults 

Figure 41 (a) shows the simulated accelerations of the original dataset for the 7 

conditions and Figure 41 (b) shows the respective accelerations of the augmented dataset 

with 10 SNR noise levels. Similar to the wear fault response figure, the original signal 

accelerations have constant amplitudes and a very regular pattern, which are not realistic 

according to experimental observations. In real-life situations, acceleration signals present 

random components due to noise, which should be taken into account in the bearing 

dynamic modeling. Moreover, the random nature of the added noise creates slight 

variations in the original signal which were used to augment the size of the training dataset.  

After original datasets with 315 signals for the total 7 conditions obtained, the same 

data augmentation method is also used to obtain the augmented dataset as it was done in 

wear diagnostics part. All labeled signals were combined and a dataset with 270 signals 

per condition was obtained, which totalizes 1890 signals. Table 9 shows the dataset size of 

the original dataset and augmented dataset as well as the ovalization fault parameters for 

each condition for bearings with ovalization faults. 
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Figure 41 Simulated accelerations for 7 conditions (a) without added Gaussian white noise 

and (b) with added Gaussian white noise (10 SNR) 
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Table 9 Ovalization conditions (classes) considered in the deep learning classification 

problem. 

Ovalization 

Condition 
Depth (μm) Angle () 

Original 

Dataset Size 

Augmented 

Dataset Size 

C1 2.7 0 45 270 

C2 2.7 90 45 270 

C3 5.4 0 45 270 

C4 5.4 90 45 270 

C5 9.0 0 45 270 

C6 9.0 90 45 270 

C7 0.0 - 45 270 

Total Number of Samples 315 1890 

 

3.3.4. Fault Diagnostic Results for Bearings with Ovalization Faults 

The obtained results for the mean accuracies and their respective standard 

deviations are presented in Figure 42 for both the original and augmented datasets. One 

can observe that data augmentation improved the classification accuracy for both bearings. 

While the classification accuracy for Bearing 1 experienced a relatively slight improvement 

from 91% to 97%, the classification accuracy for Bearing 2 experienced a considerable 

improvement from 76% to 96%. Although these results seem to contradict the ones 

obtained in wear fault diagnostic results, in which the same load conditions were applied 

to both bearings, it is apparent that the wear and ovalization have a different impact on the 

fault detection capability in hydrodynamic journal bearings. The reasons for this difference 

will be investigated in further research. 

The confusion matrices for the ovalization fault classification of Bearing 1 and 

Bearing 2 with the augmented datasets are presented in Figure 43(a) and (b) respectively. 

In both bearings, most of the misclassifications were observed in the distinction between 

fault conditions C2 (ovalization depth of 2.7 μm and angle position of 90) and C4 

(ovalization depth of 5.4 μm and angle position of 90). Moreover, Bearing 2 has also 

presented significant misclassification rates for the fault condition C6. This trend shows 



Texas Tech University, Ozhan Gecgel, December 2019 

 

70 

 

that the ovalization fault positioned at 90 angle is more difficult to predict accurately, and 

this phenomenon needs further investigations. 

 

Figure 42 Accuracy results for the original and augmented dataset for Bearing 1 and 

Bearing 2 

 
Figure 43 Confusion matrices for the ovalization fault detection for (a) Bearing 1, and (b) 

Bearing 2 augmented datasets 

3.3.5. Conclusion 

Diagnostics of wear and ovalization faults in hydrodynamic journal bearing have 

been predicted using a CNN classification algorithm. Bearing acceleration data were 

generated using numerical models to determine the dynamic response of the rotor system. 
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Seven conditions (one for the healthy condition and 6 different fault severity conditions for 

both fault types) for 2 bearings with different static loads were simulated in order to create 

a baseline dataset for the fault classification. Furthermore, the baseline dataset was 

augmented with five different levels of Gaussian white noise in order to create a 

sufficiently large training dataset for the CNN algorithm. After the CNN model was 

trained, the testing dataset was fed to CNN and prediction accuracies were presented. The 

results showed that CNN is a powerful tool to predict the wear and ovalization faults in 

bearings. It was observed that as the wear dept gets smaller, it gets more difficult to obtain 

accurate results. This is basically due to the low severity faults having weaker signatures. 

It was also observed that as the load on the bearing increases, the fault signatures become 

stronger, which resulted in better predictions, particularly for wear faults. Moreover, 

regardless of the ovalization depth, faults located at the 90 were more difficult to be 

correctly classified, especially at the smallest of ovalization depths.  Lastly, it was observed 

that adding different levels of Gaussian white noise to the dataset to augment the original 

dataset brought substantial improvements to the classification results.  

3.4. Fault Diagnostics of a Cantilever Beam: An Experimental Case 

Study 

In this part, the generated datasets and vibration response validation results of the 

FE model are presented. Then, the accuracy results of the condition monitoring of the 

cantilever beams with different datasets and different cases are presented and discussed. 

Two approaches were proposed. In the first case, the scenario where there is an available 

experimental dataset in limited quantity was assumed. The collected datasets from the 

experimental setup and the generated dataset with the FE model were fed to the CNN 

algorithm individually and in a combined way. In the second case, the scenario where there 

is no available experimental dataset for DL training purposes was assumed. In this 

approach, the CNN algorithm was trained just with the FE model generated dataset and 

tested with the experimental dataset. 
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3.4.1. Generated Datasets and Finite Element Model Verification 

For each condition, namely healthy cantilever beam (C0), the beam with 20% of 

crack size (C1), the beam with 40% of crack size (C2), the beam with 60% of crack size 

(C3), vibration response of the cantilever beam is measured using accelerometers which 

are located at the tip. The excitation of the base of the cantilever beam was also measured 

with another accelerometer which was attached to the fixture that the cantilever beam was 

mounted to. The natural frequency of the beam was calculated to be at 21 Hz. Thus, 18 Hz 

was selected to be a frequency of interest which is a suitable working frequency. The higher 

frequencies that were close to natural frequency was creating very big amplitudes and 

causing crack propagations. Thus, to not propagate the cracks and at the same time to have 

a strong vibration amplitude 18 Hz was chosen where damage signatures can be read by 

the DL algorithm.  

A uniform frequency sweep was performed between 17.5 Hz and 18.5 Hz with 0.1 

Hz increments. At each frequency, 10 different vibration samples were collected both at 

the fixture to determine the base excitation and at the tip of the beams. Each signal 

consisted of 1 second reading with a 4096 Hz sampling rate. As a result, 110 vibration 

signals were measured for each condition. This process was performed for all cantilever 

beams with different damage levels and 440 measurements in total were obtained from the 

experimental dataset as shown in Table 10. For the experimental data collection, BK 

Connect software was used. First, the collected raw data were exported to an excel file. 

Then, MATLAB was used to post-process the tip response vibration data. Each signal was 

divided into its max value to normalize the data. Normalizing the data is a common 

approach in ML and DL algorithms to eliminate the dependent features out of the signal in 

order to be able to recognize the damage signatures in a better way. 

ANSYS model excitations were determined using the readings from the 

accelerometer that is fixed at the fixture of the cantilever beams. Amplitude and frequency 

values were determined and with a simple sinusoidal function, the ANSYS model was 

excited and tip response was collected. As it was done experimentally, 110 samples were 

collected for each condition in ANSYS. As a result, 440 samples were obtained in total as 
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shown in Table 10. A third dataset was also obtained by simply combining the dataset 

collected from the experimental setup and the dataset generated with the FE model. The 

combined dataset of these two datasets contains 220 samples for each condition. 

Table 10 Number of samples that were generated for each condition with the experimental 

setup, FE model 

Condition Name Crack Length (%) Experimental 

Dataset 

FE Model 

Dataset 

Combined 

Dataset 

C0 0% 110 110 220 

C1 20% 110 110 220 

C2 40% 110 110 220 

C3 60% 110 110 220 

Total Number of Samples 440 440 880 

 

Figure 44 (a) – (d) show the normalized vibration response of the cantilever beam 

that is recorded from the experimental setup and generated with ANSYS for each condition 

at 17.1 Hz. These figures were obtained by normalizing each signal by dividing them to 

their maximum value which is common practice in ML and DL applications. This 

procedure was done to eliminate any amplitude dependent signatures that change with the 

excitation properties. In this figure, it can be seen that all the vibration responses of the 

experimental data and ANSYS data are in a good correlation at each condition.  

In order to validate the tip vibration response results of the cantilever beam that was 

simulated in ANSYS, a Fast Fourier transformation was done in MATLAB for both 

experimental data and simulated data. Figure 45 presents the fast Fourier spectrum of the 

tip response of the cantilever beam for experimental and ANSYS generated vibration 

signals for each condition. In this figure, although the FFT analysis was done with 2048 

points, only the first 50 was shown to be able to see the response at the interested 

frequencies. From this figure, it can be clearly seen that in every health condition response 

frequencies are in a good agreement. As it was done for the experimental data, ANSYS tip 

vibration response results of the cantilever beams were also normalized in MATLAB 

before it was fed to the CNN algorithm. 
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Figure 44 Normalized vibration responses of the beams that were recorded from 

experimental setup and generated using ANSYS model (a) for C0, (b) C1, (c) C2, (d) C3 

 

Figure 45 The frequency responses of the beams with Experimental and ANSYS study 

respectively (a) for C0, (b) C1, (c) C2, (d) C3 
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3.4.1.1. CNN Prediction Accuracies of Experimental and ANSYS Data 

In the first approach, the datasets that were collected from the experimental setup 

and ANSYS model were first fed to the CNN algorithm individually after they were 

normalized. They were also fed to the CNN algorithm as a single combined dataset as well. 

No post-processing was done to the raw data and fed to CNN directly. In each case, the 

dataset was divided into three subsamples as training, validation, and testing. As the CNN 

algorithm was trained with the training dataset at each step of the learning process, the 

progress was checked with the validation dataset. After the training was done, testing 

samples were fed to the trained algorithm and accuracy results were obtained.  

In the second approach, the CNN algorithm was trained with the dataset that was 

generated with the FE model. Then, the trained model was tested with the training dataset. 

For each case, the CNN algorithm was run 25 times in order to check the consistency of 

the accuracy levels. Mean and standard deviations of the results are presented.   

Table 11 shows the mean and standard deviation of prediction accuracy results of 

CNN with these 3 datasets. From this table, it can easily be seen that, while CNN is 

struggling with just experimental dataset to have good predictions. On the other hand, with 

the ANSYS model dataset, it consistently predicted the conditions with 100% accuracy and 

no variations at all. More importantly, when these two datasets were combined, we can see 

a very significant increase in prediction accuracy. Moreover, standard deviation decreases 

to half and the prediction accuracy gets more consistent.  Figure 46 (a), (b) and (c) show 

the confusion matrix results for the experimental dataset, the ANSYS datasets, and the 

combined datasets respectively. These figures show that, in all cases, there is no issue in 

predicting the C3 condition which has the biggest crack size with 60% of crack size. All of 

the accuracy levels for this condition are 100%, 100% and 99% for the experimental 

dataset, ANSYS dataset, and combined dataset respectively. Furthermore, for the 

experimental dataset, C2 condition prediction accuracy is also acceptable with an accuracy 

of 97%. However, when condition misclassification rates of C0 and C1 of the experimental 

dataset are investigated, it can be seen that they are low with 15% and 24%. In other words, 
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with just the experimental dataset DL algorithm shows poorer performance compared to 

ANSYS data and combined dataset for early damage detection.  The algorithm frequently 

misclassifies the C0 and C1 conditions with each other. On the other hand,  Figure 46 (c) 

shows with the combined dataset the effects of this phenomenon diminish and the 

classification prediction accuracy increases significantly. 

Table 11 Mean accuracy and standard deviation results of CNN prediction for data that is 

generated with experimental and combined data 

Dataset Accuracy Standard Deviation 

Experimental 0.92 0.034 

ANSYS 1.00 0.00 

Experimental and ANSYS Combined 0.97 0.018 

 

 

Figure 46 (a) CNN condition classification accuracy confusion matrix for the data that is 

(a) collected from experimental setup, (b) collected from ANSYS model, (c) confusion 

matrix for the combined dataset 
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Figure 47 shows the accuracy variation through 25 consecutive learning and 

prediction runs with the combined dataset and experimental dataset. The consistency in the 

accuracies of the combined dataset compared to just using the experimental dataset can be 

observed. The accuracy scores of the experimental dataset go as low as 85%, the lowest 

accuracy prediction of the combined dataset is 94%. 

 

Figure 47 Demonstration of accuracy variation through 25 consecutive learning and 

prediction runs 

Figure 48 shows the mean prediction accuracy levels of each class with a confusion 

matrix for the second approach where the CNN algorithm was trained with FE data and 

later tested with experimental data. It can be observed that the main misclassifications were 

happening between C0 and C1, and between C2 and C3. While 37% of the C0 was 

classified as C1, 20% of the C1 was predicted as C0. The other major misclassification was 

observed when 31% of the C3 was being predicted as C2. Thus, the overall accuracy levels 

are lower than the ones abovementioned for the first approach. The mean accuracy of the 

25 consecutive runs for the second approach resulted in 72%, and the standard deviation 

resulted in 0.05. The same misclassifications were also observed in Figure 46 (a) and (c) 

in a less severe way. This means that even at higher accuracy levels, the prediction 

accuracies of the neighbor conditions should be examined in detail. Although the result of 

this approach was lower than the ones presented in the first approach when it is considered 

that the CNN algorithm was trained with just using the simulation dataset it is a great 

accomplishment. This approach not only eliminates the requirement of a collection of a 
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large dataset from the experimental setups for training, but also it provides means of 

generating datasets that are not feasible to implement in a test setup. 

 

Figure 48 Confusion matrix of CNN when trained with FE dataset and tested with the 

experimental dataset 

3.4.2. Conclusion 

Condition monitoring prediction of cantilever beams with different levels of faults 

was performed using a DL algorithm called CNN with tip vibration response. Datasets 

were collected from both the experimental setup and the FE model. Two approaches were 

presented. In the first case, the scenario where there is an available experimental dataset in 

limited quantity was assumed. The collected datasets from the experimental setup and 

generated a dataset with the FE model were fed to the CNN algorithm individually and in 

a combined way. No post-processing was done to the raw data, and it was directly fed to 

CNN. All three datasets were divided into training, validation and testing subsamples to 

train, validate and test the CNN algorithms performance. The result comparison of the 

results showed that the combined dataset increased the prediction accuracy significantly 

compared to using just the experimental dataset. Especially for the smallest size crack, 

where the fault signatures are very weak, it has been shown great improvement in the 

accuracy results. Here, the FE model dataset was combined with the experimental dataset. 
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This approach provides great improvement in prediction accuracy when the experimental 

dataset is limited. 

In the second case, the scenario where there is no available experimental dataset for 

DL training purposes was assumed. In this approach, the CNN algorithm was trained just 

with the FE model generated a dataset and tested with the experimental dataset. Although 

results showed that there were major misclassification occurrences between the healthy 

beam and the smallest crack size, and between the two cantilever beams with the largest 2 

crack sizes, the results showed a promising 72% overall accuracy. The final approach 

shows great signs of cost savings opportunities by eliminating the requirement of test rig 

building for different kinds of faults and corresponding fault levels. Furthermore, this 

approach shows promising proof that the simulated vibration data can be used in the 

training of ML and DL algorithms to be later used in real-life setups to practice condition 

monitoring.  
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CHAPTER 4.  

CONCLUSIONS 

In this dissertation, a novel framework was offered for the condition monitoring of 

gearbox components to answer the research question of “Can machine learning and deep 

learning be used to estimate gear health state of wind turbine gearbox components from 

simulated vibrations data?”. This framework consists of generating simulated vibration 

signals to train ML and DL algorithms in order to predict the condition state of the 

component of interest. In order to demonstrate the capabilities of the framework, four 

different studies are presented in this dissertation.  

In the first study, the performances of ML and DL fault classification algorithms in 

vibration-based diagnostics of a single-stage gearbox were benchmarked using a dynamic 

model. In the dynamic model, TPE was considered, and Gaussian white noise was added 

to the signals to make it more realistic. The model was used to generate data for different 

operating conditions for both healthy and damaged gearbox scenarios. Statistical condition 

indicators were extracted from vibration signals to be used for training and testing of 

traditional ML algorithms. For CNN, vibration signals were converted to images using 

several image encoding methods. No preprocessing was done for LSTM and the raw data 

was fed directly. Finally, the obtained fault classification accuracy rates were compared. 

The results showed that the micro-geometrical nature of the TPE added considerable 

complexity to the simulated signal. This brought more difficulty to some classification 

algorithms to detect and identify the presence of the crack in the gear tooth. CNN showed 

superior performance compared to LSTM and traditional ML classifiers. Although CNN is 

a very popular tool for image recognition and image classification, it is proven that it 

performs the best among all other methods with raw vibration signals. Thus, due to its great 

performance compared to the other algorithms CNN was used in the other three studies. 

In the second study, CNN deep learning classification was used to diagnose faults 

in a planetary gearbox configuration, based on realistic simulated vibration data. The 

dynamic response of a planetary gearset with different sizes of the crack in the tooth was 
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calculated with a mathematical model. As was done in the first study, TPE was considered 

and Gaussian white noise was added to the signal to make the simulated vibration signals 

more realistic. Datasets with different levels of noise were generated as well as the dataset 

without the noise. CNN was trained and tested with subsets of various noise levels. 

Moreover, in order to demonstrate a real-life case, the CNN algorithm was trained with 

data without noise and then tested with noisy data. The results showed that CNN predicts 

the conditions of the planetary gearbox successfully. The CNN algorithm showed very 

good classification accuracies even with the high levels of noisy datasets.  

In the third part, wear and ovalization faults in hydrodynamic journal bearing have 

been predicted using a CNN classification algorithm as well. In this study, the diagnosis of 

bearings was performed with limited data using a CNN algorithm. Seven conditions (one 

for the healthy condition and 6 different fault severity conditions for both fault types) for 

2 bearings with different static loads were simulated. Data augmentation methods were 

investigated, and results for small datasets and datasets with the data augmentation were 

presented. The results showed that CNN is a powerful tool to predict the wear and 

ovalization faults in bearings even with limited available data. Lastly, it was observed that 

adding different levels of Gaussian white noise to the dataset to augment the original 

dataset brought substantial improvements to the classification results.  

In the fourth and final part, condition diagnostics of cantilever beams with different 

levels of faults were performed with tip vibration response. Datasets were collected from 

both the experimental setup and the FE model. Two different approaches were considered. 

In the first one, it was assumed that the dataset that was collected from the experimental 

dataset was limited. Thus, the effects of supporting the experimental dataset with the FE 

generated dataset were explored. The collected datasets were fed to the CNN algorithm 

individually and in a combined way. The results showed that just using the experimental 

dataset resulted in an accuracy performance significantly worse than the approach that used 

the combined dataset. Especially for the small size cracks, where the fault signatures are 

very weak, it has been shown great improvement in the accuracy results when the FE model 

dataset was combined with the experimental dataset. In the second approach, it was 
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assumed that there was no available data for the purposes of training the CNN algorithm. 

Thus, the CNN algorithm was trained with the dataset that was generated from the FE 

model and then the trained algorithm was used to make predictions on the experimental 

dataset. The accuracy results showed that training the DL algorithms with simulated 

vibration data satisfies the research question. Therefore, it can be considered as a great 

solution to reduce the cost of test rig building and extensive data collection from 

experimental setups.  
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CHAPTER 5.  

CONTRIBUTIONS 

This dissertation contributes to the development of a new generation DL 

diagnostics algorithms trained only with simulated data. There is no work done to 

accomplish the training of the ML and DL algorithms with the simulation data to use it 

later on the real setups in the diagnosis of gearbox components. There was a need for 

models that can generate realistic vibration datasets to achieve this goal. Thus, in this 

research, TPE and white Gaussian noise approaches used to address this issue for a gear 

pair model and a planetary gearbox model. Moreover, the effects of TPE and added white 

Gaussian noise on accuracy results investigated. Bearings with wear ovalization faults were 

also diagnosed using simulated vibration data. The effects of limited available data and 

mitigation of this problem were presented by using a data augmentation technique. In the 

last part, the capability of training DL algorithms with simulated vibration data was 

demonstrated with an experimental study. 

The proposed approach is not only eliminating the high costs of test rig building 

and data collection, but it also provides datasets for various operating conditions in an easy 

and quick way. Moreover, with this approach, various damage states can be simulated, and 

the data can be generated where some of the damage states and different levels of severities 

can not be feasible to implement in a test rig. This research contributes to the prevention 

of catastrophic failures in gearbox components by early fault detection and maintenance 

schedule optimization. 
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