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Abstract-Accurate gear defect detection in induction machine-

based systems is a fundamental issue in several industrial 

applications. At this aim, shallow neural networks, i.e. 

architectures with only one hidden layer, have been used after a 

feature extraction step from vibration, torque, acoustic pressure 

and electrical signals. Their additional complexity is justified by 

their ability in extracting its own features and in the very high-test 

classification rates.  These signals are here analyzed, both 

geometrically and topologically, in order to estimate the class 

manifolds and their reciprocal positioning. At this aim, the 

different states of the gears are studied by using linear (Pareto 

charts, biplots, principal angles) and nonlinear (curvilinear 

component analysis) techniques, while the class clusters are 

visualized by using the parallel coordinates. It is deduced that the 

class manifolds are compact and well separated. This result 

justifies the use of a shallow neural network, instead of a deep one, 

as already remarked in the literature, but with no theoretical 

justification. The experimental section confirms this assertion, and 

also compares the shallow neural network results with the other 

machine learning techniques used in the literature. 

 
Index Terms—Classification Algorithm, Fault Detection, Fault 

Diagnosis, Gears, Induction Motors, Multilayer Perceptron, 

Neural Networks, Principal Component Analysis, Vibrations. 

I. INTRODUCTION 

FAULT diagnosis (FD) of gears in Induction Machine 

(IM) based systems has received an extensive research interest 

during recent years [1], [2]. Gears are the main element of 

mechanical power transmission systems in several industrial 

applications including aerospace, marine, railway, automobile 

and wind turbine. Health assessment and preventive 

maintenance of the gears are crucial for reliable, safe, optimal 

operations and can reduce the maintenance cost of any 

electromechanical system efficiently. The Condition 

Monitoring (CM) based on vibration analysis is a traditional 

approach for gear FD, since any mechanical imperfection 

modifies the response of gear’s mechanical structure to external 

excitation and, hence, produces faulty signatures in the 

vibration signal [3]. Recent trends utilize the electrical signature 
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of induction machines for non-invasive gear fault diagnosis in 

electromechanical systems [4], [5]. In this regard, both stator 

current space vector instantaneous amplitude (SCSVIA) and 

stator current space vector instantaneous frequency (SCSVIF) 

have been already used for parallel shaft gear tooth fault 

detection in induction machine based systems [6], [7]. Such 

methods need a minimum knowledge of the electromechanical 

system parameters which are not most of time available and 

difficult to estimate by growing the complexity of the system.  

At this aim, the utilization of AI tools in FD and CM of 

electrical machines has brought about a remarkable advantage 

in the computerization of the diagnosis process, which results 

in both early and exact fault detection [8, 9]. The AI techniques 

can help during fault classification and decision-making 

process, once features are extracted from the signal. In the 

underlying phase of any classification technique, the feature 

extraction procedure is crucial to keep just noteworthy 

elements. The Principal Component Analysis (PCA) [10] is a 

linear technique for feature reduction which utilizes an 

orthogonal transformation to convert the data (observations) 

into a set of linearly uncorrelated variables called principal 

components. In most cases, PCA is used as a preprocessor upon 

developing the classifiers. However, not only the linear based 

techniques, but also non-linear based techniques have also been 

used to reduce the number of features in the dataset (for a 

detailed list of nonlinear techniques for feature reduction see 

[11]). Thereafter, the classification of fault can be done in either 

supervised or an unsupervised fashion. A major difference 

stems from the fact that classes are labelled in a supervised 

learning process whereas they are unknown under unsupervised 

learning (for clustering the states of gears). For  a detailed 

interpretation on the classification techniques, see [10]. 

 Regardless of the advances in the use of electrical quantities 

(current and voltage) for FD, utilization of the vibration-based 

systems is still more common. A few works have concentrated 

on the optimization of the bearing fault detection procedure 

such as [9]. In [12] likewise, it has been proposed a 

methodology taking into account Support Vector Machines 

(SVM) to consequently recognize and characterize bearing 

faults, depending on the noise reduction to simplify the 

presence of vibration signals. In [13], envelope analysis of 
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vibration signals, together with the sliding FFT procedure and 

PCA, have been used to analyze the bearing faults. The 

principle standpoint of this strategy is that it requires the 

standard prior estimation of the characteristic bearing fault 

frequencies.  

Further, [14] presents a fascinating way to deal with plastic 

bearing FD in view of a two-stage process that combines 

envelope analysis and empirical mode decomposition (EMD) to 

preprocess vibration signals and concentrate on the fault related 

components. Disregarding the wide assortment of schemes 

depending on various models and signal processing techniques, 

no reasonable general decisions have been risen [15].  

Moreover, the use of machine learning tools has reactivated 

some recent works in this area, exploiting either novel and 

enhanced system topologies or the mix of cutting-edge digital 

signal processing techniques (for feature extraction) and Neural 

Networks (NNs) for classification. Similarly, some 

contributions consolidate the use of statistical information and 

NNs for fault detection and classification. More particularly, [8] 

deals with a strategy in view of a feature extraction system that 

depends on the smoothed ambiguity plane intended for boosting 

the separability between classes utilizing Fisher's discriminant 

ratio and a feature selection procedure taking into account an 

error likelihood model to choose an ideal number of extracted 

features. The proposed scheme gives good results with regard 

to the FD of broken bars as well as stator or bearing faults. The 

authors of  [16] use the statistical features of time-domain 

information and also the spectral information as a basis for the 

development of a NN for rotor fault detection and classification. 

Something comparable can be said about SVM based 

methodologies, which have been given enormous consideration 

over recent years. In [17] there is a remarkable example of 

recent applications of SVM-based strategies to classify rotor 

faults. 

In [18], the nonconventional procedures that are outstanding 

in the field of IM FD have been studied. It proposes an 

unsupervised classification system known as artificial ant 

clustering to detect and classify rotor and bearing faults in IMs 

at various load levels. In [19, 20] it is made use of general 

techniques in image processing and pattern recognition to 

tackle the problem of rotor FD. In [19] it is proposed a smart 

approach for the programmed evaluation of the rotor condition 

taking into account the analysis of the start-up current. The PCA 

in combination with kernel density estimation [20] is used to 

identify the stator current state space patterns of a healthy motor 

and motors with different faults (broken bars, eccentricities), 

accomplishing exceptionally precise classification results. 

The aforementioned works place exceptional emphasis on 

the research patterns in the field of FD. The comfort of utilizing 

more than one sensor, the appropriateness of both data driven 

and model-based strategies, and the utilization of hybrid 

methods to follow the trend of a fault are exemplary. 

There is also a flourishing literature about the extraordinary 

results of using deep neural networks, above all the 

convolutional ones, which only require the raw signals without 

any feature engineering (see [21] for a very recent review for 

bearing faults, [22] and [23] for gear faults). In [21], it is shown 

that for the CWRU dataset, composed only of vibration data, all 

deep learning tools require, in general, only 3 or 4 layers in 

order to achieve very high test classification rates. For example, 

the adaptive CNN (ADCNN), equipped with a softmax 

classifier and 3 layers, has a testing accuracy of 97.90%. 

However, most of these techniques stack the 1-D temporal raw 

data, obtained from different accelerometers, to a 2-D matrix 

form, similar to the representation of images. This approach is 

a nonsense, because the convolutional filters search for false 

correlations in contiguous rows (because of the filter size). 

Instead, it is more meaningful to take into account only the 1-D 

raw signal and, correspondingly, the 1-D convolutional neural 

network. In [24], 3 convolutional layers are used, together with 

two fully connected layers. An accuracy of 97.1% is reached in 

case of vibration data. In [25], more interestingly, a shallow 

convolutional neural network (only one convolutional layer), 

equipped with only 6 filters for one channel and 3 filters for two 

channels, is enough for more than 98% test accuracy, again on 

vibration data. 

This paper presents a novel theoretical approach stemming 

from analyzing geometry of data prior to classification. This 

approach is solely based on the analysis of the raw data in case 

of multi-physics information, by means of a shallow neural 

network tailored for yielding the class membership 

probabilities. At first, the test rig and the acquisition of the data 

is described in Section II. In Section III, the geometry of classes 

is explored in detail to yield a deep insight in the classification 

problem and to determine the best approach for training the 

classifier. Then, in Section IV, classification results are 

discussed using a comparative approach to deduce the best 

classifier. Then a shallow CNN trained on our dataset is 

presented and its performance is analyzed. Section V gives 

concluding remarks and further directions for research in this 

area. 

II. EXPERIMENTAL SETUP 

A.  Description of the Lab Setup 

The configuration of the induction machine-based system 

under study is shown in Fig. 1. A 250 W, 50 Hz, 400 V, star-

connected, 0.77 �, 4-pole, 1380 	
�, three-phase squirrel-

cage induction motor is linked to a controllable brake through a 

one-stage parallel shaft helical gear with a number of teeth at 

the input �� = 25 and at the output �� =  75. The 

parameters, �� and �� represent the rotation frequencies at the 

input and the output stages of the gear, respectively. The 

mechanical load can be modified by adjusting the rotation speed 

using a digital controllable brake at the output stage of the gear. 

The stator phase currents are measured using three commercial 

wide-band current sensors with the same 0.1 �/� sensitivity 

and the frequency bandwidth of [1 ��, 20 ���]. Furthermore, 

two accelerometers with the sensitivity of 500 ��/� and 

22 ��� frequency bandwidth are implemented close to the 

input and output stages of the gear for the analysis of the 

mechanical transversal vibration (����
 and ��� 

). A torque 

sensor with 5 kHz frequency bandwidth is installed with the aim 

of torsional vibration analysis between the induction machine 
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shaft and the input stage of the gear. Also, a free field 

microphone which measures the environment sound pressure in 

the frequency bandwidth [3.15 ��, 20 ���] with a sensitivity 

of 50 ��/!" (MIC) is employed. The data acquisition system 

consists of a 24-bit resolution modular system with built-in 

adjustable signal conditioning filters which is used for data 

collection. The sampling frequency is fixed to �# = 5 ��� and 

the acquisition time is adjusted to $%�& = 60 ( for all collected 

data. In this work, the tests have been carried out only in full 

load condition. Moreover, each faulty pinion and wheel 

includes only one tooth damaged surface with depth of about 

0.3 �� (Fig. 2) in comparison with the healthy gear. 

The healthy state of the gears is here analyzed and compared 

with three faulty states: wheel, pinion and pinion plus wheel 

faults. Also, the corresponding neural classification also yields 

the pre-fault states by means of the estimation of the class 

membership probabilities. It must be noted that all analyses 

(from data pre-processing to classification stage) have been 

done using the MATLAB® 2019 software package. For 

experiments involving CNN architectures, the Keras 2.2.5, a 

deep learning library written in Python language was used. (see 

[26] for more details). 

 
Fig. 1.  Scheme of the test-rig. 

 
Fig. 2.  Tooth surface fault damage. (a) Wheel fault (b) Pinion fault (c) 
Simultaneous Pinion-Wheel fault. 

III. GEOMETRY OF CLASSES 

Using 5000 Hz as the sampling rate to acquire data, ten 

electrical and dynamical features were used. These are listed in 

Table I: 

 

The underlying idea is the use of these raw data, without any 

processing (feature extraction or reduction), except the 

statistical normalization. The corresponding manifold is studied 

in the following sections. 

B.  Intrinsic Dimensionality and Pareto Charts 

In order to have a fair idea of the data manifold and deduce 

features or combinations of features, which explain data, its 

intrinsic dimensionality is estimated by means of the Feature 

Set (FS). At first, data are scaled (statistical normalization) in 

order to have the same range (Gaussian distributed with zero 

mean and unit variance) for the values of each attribute. Then a 

linear and a nonlinear analysis of the manifold are performed. 

The first one yields a rough idea of the intrinsic dimensionality, 

if the subsequent one confirms at least the quasi-linearity. The 

linear analysis by PCA shows only a few principal components 

(PC) are responsible of the totality of the data information. It is 

visualized by the Pareto charts, which represent the explained 

(and cumulative) variance for each principal component (PC). 

Fig. 3 (a) and Fig. 3 (b) show, respectively, the Pareto charts for 

the healthy machine data and the whole FS. Only five PC’s 

represent well the healthy state. Note also the importance of the 

first two components, which also share, in a balanced way, most 

of the variance of data. The same can be repeated for the global 

case, except for the fact that the dimensionality is increased to 

six. Similar charts are found for only the data of each individual 

fault class. It can be then argued that the fault states lie on a one 

more dimensional space than the healthy state. The Maximum 

Likelihood estimation (MLE, [27]) of the intrinsic 

dimensionality confirms this analysis.  

 (a)                          (b) 
Fig. 3.  Pareto charts: (a) global, (b) healthy class 

C.  Data Visualization using Biplots 

A further insight into the geometry of the FS is given by the 

3D biplot, which visualizes scores and loadings of PCA in the 

space of its first 3 principal components. The biplots (Figs. 4-

7) illustrate, for some pairs of classes (the other possible biplots 

are similar), both the PC coefficients for each feature and the 

corresponding scores for each observation, i.e. the PCA score 

plot and the loading plot, simultaneously. The magnitude and 

direction of each feature (vectors in blue) represent their 

contribution to the first 3 PCs and how each observation score 

(data cloud) is represented in terms of those components. This 

means that feature vectors, which have positive values of PC 

coefficients (when projected onto the principal directions), have 

more influence on that particular PC. This contribution is 

quantified at each PC axis which denotes the magnitude of the 

coefficients and also relates to the explained variance imposed 

by that PC. Also, it is worth mentioning that the reciprocal 

position of the feature vectors yields their correlation. Feature 

TABLE I 
LIST OF FEATURES 

Symbol Feature 

�% , �) , �� 3-Phase Voltages 

*% , *) , *� 3-Phase Currents 

+ Torque 

���� Accelerometer (Pinion side) 

���� Accelerometer (Wheel side) 

� MIC 
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vectors which are close, forming a small angle of less than 90, 

are positively correlated (see vectors of the electrical quantities 

and vectors near to the vertical axis). The vectors which are 90 

degrees apart from each other (orthogonality), are not likely to 

be correlated (electrical versus mechanical feature vectors). 

When the vectors form a larger angle, they are negatively 

correlated (here, microphone versus mechanical feature 

vectors, where the angle is close to 180 degrees). 

In the biplot space, data present a circular symmetry, with the 

two states alternating regularly. This is explained only by the 

first two PCs, which are spanned uniquely by the voltages and 

currents. The “vertical” variability, which is appreciable only 

for the pairs represented in Figs. 4 and 7, is due to the 3rd PC. 

Indeed, it can be deduced that the electrical attributes explain 

the first 2 PC’s, which is most of the variance in data. They span 

the corresponding plane in such a way to respect a 120°  

symmetry, which means they contribute equally to the 

circularity. The independence of the electrical features with 

respect to the remaining variables is proved by the 

orthogonality of the latter (they are parallel to the 3rd PC). This 

preliminary analysis confirms the Pareto charts. The first two 

PC’s are equal and explain most of the variance. The third one 

is related to the non-electrical variables. 

The accelerometer features and the torque are linearly related 

(they are nearly parallel and point to the same direction) and the 

microphone attribute is negatively linearly related to them 

(nearly parallel to the other ones, but in the opposite direction). 

Fig. 4.  Biplot: healthy vs pinion 
fault  

Fig. 5.  Biplot: healthy vs 
wheel fault  

Fig. 6.  Biplot: healthy vs 
simultaneous fault 

Fig. 7.  Biplot: pinion fault vs 
wheel fault 

Legend for Figs. 4-7: 
 

 

  Pinion fault   Wheel fault 

  Simultaneous fault   Healthy 

 

D.  Data Manifold Analysis using CCA  

The Curvilinear Component Analysis (CCA, [28]) is one of 

the most powerful nonlinear dimensionality reduction (DR) 

techniques, and is derived from Sammon’s mapping [29]. It has 

been proven its superiority in terms of data unfolding and 

extrapolation by performing the quantization of the input space 

and projecting it nonlinearly into a latent space of reduced 

dimensionality in such a way to respect, at least locally, the 

input distances (by means of the parameter lambda, which is the 

threshold above which distances in the projected space are no 

more constrained). The CCA projection to a latent space whose 

dimensionality is given by the FS intrinsic dimension yields 

useful information about the characteristics of the data 

manifold, by means of the dy-dx diagram, which is the plot of 

the distances of pairs of samples in the latent space (dy) versus 

the distances of the corresponding ones in the data space (dx). 

It acts as a tool for the detection and analysis of nonlinearities. 

Indeed, if the output and input space have the same dimension, 

then all distances are respected in projection, for all values of 

lambda. Therefore, the joint distribution of input and output 

distances will lie along the bisector (dy=dx). Different forms of 

the distribution give additional information on the kind of 

nonlinearity. Using the estimated FS intrinsic dimensionality, 

the CCA projection has been performed projecting to 

dimensionality 5 and 6. Figs. 8 and 9 show the dy-dx plots for 

the Global FS using 6 and 5 as the intrinsic dimensionality, 

respectively. The loss of linearity passing from a latent space of 

dimension 6 (as deduced by the Pareto chart) to a lower 

dimension space, suggests the data manifold is a flat, i.e. a 

subset of the 10-dimensional space of the attributes, which is 

congruent to a Euclidean space of dimension 6. The linearity 

for the global FS in Fig. 8 implies all classes lay on 6-

dimensional flats. 

Fig. 8.  Global FS dy-dx plot: 
dimension 6 

 

Fig. 9.  Global FS dy-dx plot: 
dimension 5 

E.  Feature Visualization using Parallel Coordinates 

A further description of the features in the dataset is given by 

using parallel coordinates plots [30]. The parallel plot gives a 

graphical illustration of multivariate data in a 2D coordinate 

system. Here the axes are parallel lines, typically vertical and 

equally spaced. A point is represented as a polyline with 

vertices on the parallel axes; the position of the vertex on one 

axis corresponds to its coordinate. The purpose of parallel 

coordinate analysis consists in visualizing high-dimensional 

spaces looking for features (vertical axes) where samples group 

in well-separated clusters (coherence of the polylines). Indeed, 

the groupings of polylines represent clusters. 

Figs. 10-11 show the parallel plots of the FS with four 

classes (healthy vs pinion fault vs wheel fault vs simultaneous 

fault) and two classes (healthy vs faulty), respectively. Vertical 

axes correspond to the features listed in Table 1 (displayed next 

to parallel plots for sake of readability). Note as, along electrical 

feature axes, the classes are completely overlapped, while they 

form separate clusters along the other feature axes. This result 

suggests that such features (τ, ����, ����, and �) would be most 

relevant for the purpose of classification. 
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Fig. 10.  Parallel coordinates of the raw attributes (four classes) 

 

 

 

 

 

 

 

Fig. 11.  Parallel coordinates of the raw attributes (two classes) 

F.  Final Considerations on Classes 

Resuming, the FS manifold is a six-dimensional flat. The 

machine faulty state classes lay on it. Instead, the healthy class 

belongs to a five-dimensional subspace of the flat. The circular 

symmetry derives from the symmetry of currents and voltages. 

There is a good class separation. 

These observations are also confirmed by the analysis of the 

angles among the 6-dimensional class flats (Table II). These are 

called principal or canonical angles: for any pair of flats in a 

Euclidean space of arbitrary dimension, one can define a set of 

mutual angles, which are invariant under isometric 

transformation of the Euclidean space. These principal angles 

have been computed by using the singular value decomposition, 

given the matrices representing data projected by PCA to 

dimension 6 for each class. Considering all principal angles in 

dimension 6, the class pairs (rows) have been ordered on the 

basis of descending orthogonality.  All pairs of classes are 

nearly orthogonal except for the pair of flats associated to the 

pinion and wheel faults, which have a pair of angles close to 

30° (see last row with respect to others).  

TABLE II 
PRINCIPAL ANGLES (USING PCA PROJECTIONS IN DIMENSION 6) 

 Principal angles in dimension 6 (°) 

Class pairs D1* D2* D3* D4* D5* D6* 

Healthy vs Simultaneous 

fault 

82.5 82.5 84.9 89.5 89.8 90.0 

Wheel fault vs Simultaneous 

fault 

83.8 84.2 84.3 89.3 89.5 90.0 

Pinion fault vs Simultaneous 

fault 

80.7 80.7 86.0 89.3 89.6 89.7 

Healthy vs Pinion fault 78.7 78.8 87.4 89.3 89.6 89.9 

Healthy vs Wheel fault 69.6 69.7 86.2 88.2 89.4 90.0 

Pinion fault vs Wheel fault 32.0 32.1 82.1 88.5 89.5 89.8 

*D1 through D6 represents the dimensions where each principal angle has been 

calculated for a pair of classes. 

IV. CLASSIFICATION 

The previous analysis on the geometry of classes highlights 

the favorable reciprocal position of class clusters and suggests 

a simple tool for classification. Indeed, data manifolds are 

easily separable if they are adequately represented. As a 

consequence, there is no need to extract features (which also 

implies a loss of information) in order to find a more 

manageable feature space for classification. In this sense, the 

previous theoretical analysis is a justification of the use of raw 

data. Also, we will see that this simplicity, which can be 

exploited for applications in real time, implies only a shallow 

neural network is enough in order to achieve very high accuracy 

rates. It should also be very important not only to classify, but 

also to output the class membership probabilities of the input 

data, both for having an idea of the incipient fault (pre-fault 

analysis) and for a possible subsequent risk analysis. Indeed, 

the increase in a fault probability can be a first signal of a 

problem in the gearbox. At this aim, a Multilayer Perceptron 

(MLP) [10] is proposed, in a shallow configuration (only one 

hidden layer). The input is the 10-D vector of the raw signals 

(see Table I). For modelling probabilities, it is equipped with a 

cross-entropy error and the output activation function is the 

softmax. The hidden layer activation functions are hyperbolic 

tangents. The number of parameters is : [10 (inputs) +1 (bias)] 

multiplied by 200 (hidden units) for the first layer of weights 

and [200 (hidden units) +1 (bias)] multiplied by 4 (softmax 

output units) for the second layer of weights. In total, this MLP 

requires 3004 parameters. The backpropagation rule is used for 

estimating the gradient of the error. This information is then 

used, at first, by the Broyden-Fletcher-Goldfarb-Shanno 

(BFGS) [31] algorithm, which is a quasi-Newton minimization 

technique requiring only the gradient for approximating the 

Hessian of the error function. This is the approach used by 

taking all four classes into consideration. At this purpose, the 

FS has been divided in training set (50%), validation set (25%), 

for avoiding overfitting, and test set (25%) for checking the 

generalization properties. Once the network is trained, the test 

set is classified using the maximum a posteriori probability 

(MAP). As shown in Table II, an accuracy of 93.10 % is 

reached in test set classification. The use of a deep MLP 

composed of four layers yields a slightly better result (93.60%), 

but at the expense of a more complex architecture. If, instead, 

the shallow MLP is trained by means of the Bayesian 

Regularization (BR) [32], the test classification rate increases 

to 94% (see Table II). Indeed, BR minimizes a linear 

combination of squared errors and weights according to the 

Levenberg-Marquardt optimization. It also modifies the linear 

combination so that at the end of training the resulting network 

has good generalization qualities. Fig.12 highlights the quality 

of the test classification. Fig.12 (a) shows the Receiving 

Operating Characteristics (ROC), while Fig.12 (b) is the 

histogram of the test probabilities for the healthy class (similar 

figures have been found for the other classes). It can be argued 

that most probabilities are close to one, which is an indicator of 

the low overlap among classes and of the reliability of the 

classification. Fig.12 (c) yields the test confusion matrix, which 

confirms the very good generalization properties of the 

proposed approach. The MLP training set classification rate is 

94.6%. Finally, Fig.12 (d) shows the training, validation and 

test errors.  

The fact that the healthy class manifold is a subset of the 
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global FS manifold suggests the use of a hierarchical approach, 

in order to split the classification problem in two tasks: a two-

class problem involving healthy and faulty state, and a three-

class problem involving only the determination of the fault, 

given the machine is not healthy. This idea is sketched in Fig. 

13. The product rule for conditional probabilities is used for 

determining the class membership probability of the input 

vector. The two-class MLP is equipped with the two-class 

cross-entropy error function [10], and has only one output 

neuron with logistic sigmoid activation function. It is trained by 

means of BR. The test classification accuracy is 96.90% (see 

Table III). The three-class MLP is the same as in the case of 

four classes. Table IV shows 96.50% accuracy, if BR is used. 

However, when applied in the hierarchical scheme, the 

classification accuracy lowers to 91.80%. Nevertheless, this 

approach is operator-oriented. Indeed, the two-class MLP 

signals the user a possible departure from the healthy state. In 

this case, the three-class MLP classifies the possible incipient 

fault. Moreover, for comparison, several other types of 

classifiers are trained and tested.  All these fall under the family 

of linear and non-linear based classifiers.  

TABLE II 
CLASSIFICATION ACCURACIES FOR FOUR CLASS 

(HEALTHY VS PINION FAULT VS WHEEL FAULT VS SIMULTANEOUS FAULT) 

Classifier 

Classification 

Accuracy 

(%) 

Comments 

MLP NN 93.10 HL: 200 neurons 

Optimizer: BFGS 

MLP NN 82.30 Network Structure [512-256-128-64-

32]  

Optimizer: Adam 

MLP NN 93.60 Network Structure [100-50-20-10]  

Optimizer: BFGS 

MLP NN 94.00 HL: 200 neurons 

Optimizer: BR 

Fine Tree 37.20 Max. Number of Splits = 100 

Split Criterion: Gini’s Diversity index 

Decision Tree 70.99 - 

Extra Tree  67.18 - 

LDA 29.30 Full Covariance Structure 

QDA 56.10 Full Covariance Structure 

Coarse kNN 39.70 k = 100, Distance Metric = Euclidean 

LSVM 94.63 RBF kernel 

Ensemble  

(Boosted 

Trees) 

35.00 Ensemble Method: AdaBoost, Learner: 

Decision Tree, Max. Splits: 20, 

Number of Learners: 30, LR: 0.1 

Ensemble 

 (Bagging) 

78.95 Ensemble Method: Bagging 

Number of Base Estimators: 10 

Ensemble 

 (Extra Trees) 

90.51 Ensemble Method: Extra Trees 

Number of Base Estimators: 500 

Ensemble 

 (Gradient 

Boosting) 

51.64 Ensemble Method:  Gradient Boosting 

Number of Base Estimators: 100 

Ensemble 

 (Random 

Forest) 

83.82 Ensemble Method:  Random Forest 

Number of Base Estimators: 300 

Ensemble 

(Subspace 

kNN) 

47.90 Ensemble Method: Subspace, Learner: 

Nearest Neighbours, Number of 

Learners: 30, Subspace Dimension: 5 

 Ensemble 

(Adaboost) 

51.52 Ensemble Method: Adaboost,  

Number of Base Estimators: 1000 

*Note: for MLP NNs, HL gives the number of neurons in the hidden layer (for 

shallow MLP NNs).  

*for kNN based classifiers, k is the number of clusters. 

Among the linear based classifiers, Support Vector 

Machines (SVMs) and discriminant based classifiers are used. 

The linear SVM [33] classifier utilizes support vectors together 

with a linear kernel function to perform two-class classification. 

In case of four classes, the best results are obtained using SVM 

with RBF [34] as the kernel function. Best configuration for the 

box constraint level and the kernel function for two-class and 

four-class problem are shown in Tables II and III, respectively.  

Analogously, for the discriminant-based methods, 

classification is carried out on the basis of Gaussian 

distributions. Linear Discriminant Analysis (LDA) and 

Quadratic Discriminant Analysis (QDA) based classifiers are 

used [10]. For both the circumstances (two-class and four-class 

classification) LDA and QDA classifiers have full covariance 

structure. 

Among the non-linear based techniques, k-Nearest Neighbor 

(k-NN,[35]), tree based and ensemble-based classifiers are 

tested. The k-NN, often called as the lazy learner, is based on k 

units and uses Euclidean distance metric to classify the 

oncoming feature vector. Classed under supervised learning, 

there is no explicit training prior to classification for this type 

of classifier. Out of all the variants of k-NN, the best one turns 

out to be the Coarse k-NN classifier. It is observed that under 

four-class classification, Coarse k-NN yields satisfactory 

results while it produces inferior results under two-class 

classification. Furthermore, the Tree based [36] method works 

by means of growing trees as well as pruning and adding of 

branches. Some variants of Tree based classifiers used here are: 

decision trees, extra trees and random forest method [37]. These 

types of classifiers generally give good results for two-class and 

four-class problems, ranging up to 90% as the classification 

accuracy (see Tables II and III).  

 
TABLE III 

CLASSIFICATION ACCURACIES FOR TWO CLASS (HEALTHY VS FAULTY) 

Classifier 

Classification 

Accuracy 

(%) 

Comments 

MLP NN 96.10 HL: 200 neurons 

Optimizer: BFGS 

MLP NN 96.90 HL: 200 neurons 

Optimizer: BR 

Coarse Tree 75.10 Max. Number of Splits = 4 

Split Criterion: Gini’s Diversity index 

LDA 75.10 Full Covariance Structure 

QDA 76.20 Full Covariance Structure 

LSVM 75.10 Box Constraint level = 1 

Coarse kNN 75.10 k = 100, Distance Metric = Euclidean 

Ensemble 

(Boosted Trees) 

75.10 Ensemble Method: AdaBoost, 

Learner: Decision Tree, Max. Splits: 

20, Number of Learners: 30, LR: 0.1 

Ensemble 

(Bagged Trees) 

93.20 Ensemble Method: Bag, Learner: 

Decision Tree, Number of Learners: 

30 

Likewise, the ensemble based classifiers are also used for 

comparison. These type of classifiers use a compilation of weak 

learners combined together to classify the oncoming feature 

vector. Techniques like bagging [38], decision trees, subspace 

and boosting methods (AdaBoost [39], gradient boosting [40] 

and RUSboost) are used for ensemble learning in this paper. 

Results show that some ensemble based classifiers produce 
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fairly good results. Specifically, using tree-based learners, extra 

trees and bagging ensembles reach the highest performance. 

Among neural based models, BR and BFGS optimizers 

provided superior results compared to the modern Adaptive 

Momentum estimation (ADAM) [41]. 

Resuming, it seems that the best performance is given by 

LSVM. However, the proposed four-class MLP not only has a 

comparable test classification rate (94% vs. 94.63%), but has 

the unique property of yielding probabilities, which is necessary 

in classifying the severity of faults. 

 (a)   (b) 

 (c) 
 (d) 

Fig. 12. Four class classification results: (a) Receiver Operating 
Characteristics of the Test Set (b) Healthy Class Probabilities (c) Test 
Set Confusion Matrix (Class 1: Pinion Fault, Class 2: Simultaneous 
Fault, Class 3: Wheel Fault, Class 4: Healthy) (d) Error Histogram upon 
training, validation and test. 

 
Fig. 13.  Hierarchical approach (MLP’s) 
 

TABLE IV 
CLASSIFICATION ACCURACIES FOR HIERARCHICAL APPROACH (FIG. 12) 

Classifier 
Classification 

Accuracy (%) 
Comments 

MLP NN - 2 

Class 

96.90 HL: 200 neurons 

OPTIMIZER: BR 

MLP NN – 3 

Class 

96.50 HL: 200 neurons 

OPTIMIZER: BR 

   

Hierarchical 

Approach 

91.80 MLP NN (2+3 Classes) 

A.  A Shallow Convolutional Approach 

In order to experimentally confirm the theoretical analysis, 

and for understanding how deep has to be a convolutional 

neural network (CONVNET) in order to have high test accuracy 

with the smallest number of parameters, a new set of 

experiments has been conducted with CONVNET's of 

decreasing complexity. In the introduction, it has already been 

pointed out that only a few convolutional layers are enough 

[21]. Also, in [23], only a shallow CONVNET is used. 

However, the size of the filters is not given, and the dataset is 

only composed of vibrational signals. Our database uses 

multiple physical sources, instead. Also, even if dealing with 

gear faults, the kind of problem is similar. 

Data are uniformly normalized (division by the maximum 

value). A window of 100 consecutive 10-D time samples is fed 

to the CONVNET (input tensor of size 1-100-10). Data are 

augmented by using a stride of 10 time instants from one 

window and the previous one. The training set and the test set 

are composed of 11335 and 1978 tensors, respectively.  They 

are fed to CONVNET as mini-batches of size 64. All the 

architectures have only one convolutional layer composed of 

6x6 filters. Dropout is used for avoiding overfitting (the value 

in Table V is the probability of dropping out a hidden neuron). 

Each neuron has a RELU activation function. It follows a 

maxpool layer (2x2 for down sampling), an unfolding 

(flattening) of the hidden units and a softmax layer which 

outputs the four class probabilities. At this aim, the cost 

function is still the cross-entropy one. Training is performed by 

ADAM [41], using backpropagation for the error cost gradient 

estimation. The learning rate is kept constant (equal to 0.001). 

Table V resumes the best results of the experiments. The 

highest test accuracy (98.63%) requires only 12 6-6 kernels 

(filters) with a number of parameters comparable to the BR-

MLP (3136 vs. 3004). However, at the cost of only a slight 

decrease in the accuracy, a minimal CONVNET of 10 4-4 

filters performs very well, with only 2414 weights. This 

architecture is sketched in Fig. 14 (None represents the number 

of elements in the first dimension, which is 1).  

Resuming, thanks to the particular shape and reciprocal 

position of the clusters (as justified in the theoretical analysis) 

and to the capability of RELU neurons to model in a nonlinear 

way the cluster information, a minimal shallow CONVNET 

gives the best results in terms of test accuracy. This confirms 

the results in the literature, but goes further, because it definitely 

assesses the uselessness of deep architectures in this field of 

application. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 14.  Shallow convolutional tensors 
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TABLE V 
BEST EXPERIMENTS FOR SHALLOW CONVOLUTIONAL NEURAL NETWORKS 

Number 

of Filters 
Kernel 

Size 
Dropout 

Test Accuracy No. 

Parameters 

36 6 0.25 96.76 9400 

32 6 0.25 98.43 8356 

16 6 0.25 97.98 4180 

12 6 0.25 98.63 3136 

10 4 0.20 98.28 2414 

V. CONCLUSION 

When dealing with an application, the first advice about the 

choice of the best tool comes from the analysis of the data 

collected for this purpose. However, and the field of gear fault 

diagnosis is no exception, this is very rarely done. As a 

consequence, the tool is evaluated uniquely according to some 

quality indices, which is very often a limit, above all when the 

approach is applied to real problems. For the problem addressed 

in this paper, the literature shows hundreds of papers in which 

these limits are evident. A clear example is the use of deep 

neural networks: in gear and bearing faults, for instance, it is 

apparent [21-23] that there is no need for too deep architectures. 

But no-one poses the correct questions: why ? what is the best 

possible architecture ?    

This paper tries to answer these questions by proposing a new 

way of exploring the data manifold, without any preliminary 

feature extraction (only raw data). It performs an original 

preliminary topological and geometric analysis for 

understanding the class data distributions. At this aim, linear 

and nonlinear tools, together with exploratory data techniques, 

are used. The nature and intrinsic dimensionality of the healthy 

and faulty state manifolds is analyzed and their reciprocal 

positioning is deduced by means of the principal angles. The 

database at hand comprises signals from different sensors. 

However, this complexity is counter-balanced by the analysis 

of only three simple gear faults, under the unique full-load 

condition. The theoretical analysis justifies the use of a shallow 

multilayer perceptron, because it models well in a nonlinear 

way the class distributions which have simple shapes in nearly 

orthogonal relative orientations and with small overlap. So, the 

first conclusion of the paper is: there are theoretical 

considerations that justify this simple neural network. Indeed, 

using only 3004 parameters, the test accuracy is 94%. This must 

be compared with the deep MLP with ADAM optimizer and 5 

layers, which only yields 82.30% accuracy. 

This analysis, however, opens to the possibility of 

reconsidering the deep neural networks not for their depth, but 

for their own characteristics. Indeed, the time patterns of the 

faults suggest the use of kernels to be shifted in time in order to 

detect anomalies. This justifies the use of a shallow 

CONVNET. The minimal architecture (only 2414 parameters 

for a 98.28% accuracy, that is the network with the least number 

of weights (which is an advantage for real time 

implementations) has been determined. So, the second 

conclusion is: the theoretical considerations pave the way to the 

best possible approach. 

Future work will deal both with the use of temporal and 

frequency features, for a machine under several load conditions, 

and the exploitation of the MLP and CONVNET outputs (class 

membership probabilities) for incipient faults. 
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