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Abstract: This paper presents a method of pitting failure detection in toothed gears based on the
reconstruction of the gear case vibrational signal. The effectiveness of the proposed method was
tested in an experiment on a power circulation test stand. The autoencoder deep neural network
architecture, semi-supervised training, and validation, along with the latent data convex hull-based
clustering, are presented. The proposed method offers high efficiency (0.99 F1-measure) in gear
state prediction (100% in failure detection, 98.9% in normal state prediction) and provides more
capabilities in terms of generalization in comparison with linear machine learning techniques such
as principal component analysis and nonlinear like the generative adversarial network. Moreover,
it is distinguished by high sensitivity while also being able to detect even slight surface damage
(initial pitting). These findings will be of particular relevance to a range of scientists and practitioners
working with gear drives who are willing to implement machine learning in signal processing
and diagnosis.

Keywords: gear fault diagnosis; semi-supervised deep learning; autoencoder; generative adversarial
network; vibrational signal; anomaly detection

1. Introduction

Neural networks constitute one of the most powerful tools in the domain of machine
learning that are suitable for solving multidimensional complex problems. These are
naturally tasks such as classification and prediction, but also more sophisticated generative
applications. In the context of engineering, they can be used in various situations for image
and pattern recognition [1,2], robot control [3], tracking systems [4], smart buildings [5],
signal processing [6], economic analyses [7], fake news detection [8], and many more. One
of the key applications of deep neural networks in mechanical engineering is to predict the
failure of machine components in real-time based on the measurement of its vibrational
signal. This approach states the alternative to conventional signal filtering and analysis
in the time or frequency domain [9,10]. Failure should be detected at the earliest stage
possible to prevent damage to the whole mechanical system, as in the case of helicopter
transmissions [11].

Usually, the neural network is trained with supervision to classify the damage of the
components. In [6], the authors describe a deep neural network for planetary gear fault
predictions based on two-channel vibration measurement. The network was trained with
signal features extracted from the data of mechanically-induced teeth failure. The major
disadvantage of this method is the use of the supervised learning paradigm itself. However,
it was proven to have good efficiency in failure recognition. Another application for fault
detection is the use of reinforcement learning in bearing state prediction [12]. The authors
proposed a novel network architecture called a reinforcement learning unit, matching
the recurrent neural network. Supervised learning can be difficult to perform since it
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requires data from the worn mechanical component and proper signal feature selection,
which provides information about the relevant faults. In the case of high-power geared
transmissions, extensive fatigue testing is required to obtain reliable data for training.
Another aspect is that such neural networks are trained only to predict predefined failures
such as pitting or tooth fracture and may not cover all possible failures occurring during
real operation. To overcome the above-mentioned disadvantages, a specific neural network
architecture known as an autoencoder may be used [13]. An autoencoder is a type of
deep neural network that can reconstruct its input. Usually, they are used for feature
extraction [14–17], however, they can also work as anomaly detectors [11,14,18]. For this
purpose, the autoencoder neural network is trained with the aid of unlabeled data in which
there are no or very few abnormal states. These kinds of data are usually easy to collect
because they refer to the normal operation of the system. As a measure of fault (abnormal
state), the training loss function is selected. If the autoencoder fails to reconstruct the input
with sufficient accuracy (obtained while training), it means that an abnormal state (failure)
has occurred.

Another technique that can be used for unsupervised anomaly detection is the gen-
erative adversarial network (GAN), widely used for image generation [19]. This type of
network is trained to generate data, making use of the game between the generator and
discriminator. If the network is trained on data for a normal state, the probability output
space of the discriminator calculated for abnormal data is then used to predict an abnormal
state. GANs have been used for anomaly detection in time series data [20], image and
tabular data [21], and fault detection in unbalanced datasets [22,23].

Several papers related to the predictive maintenance of gears and generally of rotat-
ing machinery based on its vibrations have adopted a semi-supervised or unsupervised
learning approach. The main reason for using such techniques is the problem of heavily
imbalanced datasets occurring in industrial practice. Usually, there are no extensive test
results to construct a proper dataset with a uniform distribution of each feature, but there
are a lot of data related to the proper operation of the mechanical system. For such imbal-
anced datasets, unsupervised or semi-supervised learning approaches are suitable. In [14],
the authors presented an unsupervised approach based on an autoencoder to monitor
and detect anomalies in industrial machines. The authors compared their models with
supervised machine learning ones and achieved 91% accuracy, 98% precision, and 83%
recall. Planetary gear trains were also within the interests of the researchers [15], who
proposed the supervised method based on a stacked autoencoder. Model training and
validation were performed on a dataset with artificially induced gear teeth failures. The
recognition rates varied depending on gear state from 95% to 97%. The authors of [16] used
stacked autoencoders with a relatively simple architecture (one hidden layer) in order to
extract the features of faulty planetary gear vibrational signals. In [11], the complex expert
system was proposed to monitor the condition of helicopter transmissions. The dataset
consisted of measurements from 23 accelerometers mounted in various places within the
helicopter driveline, which provided 80 time signals. The authors used a convolutional
autoencoder and unsupervised classifier that combined K-nearest neighbors, isolation
forest, angle-based detection, and the local outlier factor. The anomaly detection was based
on averaging the outputs from these two models. The method was highly efficient, giving
100% of the true positive rate and 0.03% of the false positive rate, but was limited in terms
of generalization on the type of anomaly. In [18], the authors investigated spur gear train
vibrations collected for different artificially-induced teeth failure types. They used sparse
stacked autoencoders for feature extraction and supervised learning, which resulted in
97% accuracy. Researchers have also used GANs as anomaly detectors [23] where the
bearing and gear teeth were under investigation. To detect an abnormal state, the anomaly
score was used on the discriminator output, which resulted in accuracy from 95% to 98%
and an F1-score from 97% to 99%, depending on the test case. The use of GANs has also
been proposed for general time series anomaly detection [20]. The authors compared three
models: cumulative sum chart, MAD-GAN (multivariate anomaly detection with genera-
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tive adversarial networks) and TAnoGAN (time series anomaly detection with generative
adversarial networks). Depending on the model, the authors achieved a 90% accuracy, 72%
recall, and 61% precision.

It may be seen, based on the literature review presented, that there are many super-
vised methods that might not be suitable for imbalanced datasets. Moreover, many models
have been trained and validated on artificially-induced teeth failures, and are rarely focused
on the pitting type of failure. Taking the above into account, the novelty of the work as well
as its aim is to:

• Construct a dataset as a result of extensive fatigue tests of gears with real gear pitting
failure of different severity rates;

• Propose a robust semi- or unsupervised model for failure detection;
• Ensure the high-performance metrics of the model;
• Construct a model that gives a general perspective on gear pitting wear prediction.

In this paper, we explore the experimental data from a helical gear setup using semi-
supervised machine learning techniques. In Section 2.1, we describe the setup and data
collection, and in Section 2.2, we discuss the data preprocessing for the algorithms. In
Section 2.3, we commence with a simple analytic solution, based on principal component
analysis (PCA). Finally, in Section 3, we present the three methods for pitting failure
detection in gearboxes, namely, the autoencoder as a basic anomaly detector (Section 3.1),
autoencoder and convex hull-based classification in its latent layer (Section 3.2), and a
generative adversarial network for anomaly detection (Section 3.3). All models based
on neural networks used in this study were subjected to neural ablation tests in order
to choose a model architecture with the maximum performance and reasonable learning
time. A representative example of the ablation test is given in Appendix A. We discuss and
conclude the results in Sections 4 and 5, respectively. Based on the performed calculations,
we may state that:

• The proposed methods based on autoencoders were efficient and could detect even the
initial state of pitting formation, which may be difficult with the aid of signal analysis
in the time and frequency domain;

• The best model (AE+CH) showed a very high effectiveness (100%) in failure detection
(true positive) and 98.9% in normal state prediction (true negative), which resulted in
a very high F1-measure (0.99);

• The latent space analysis revealed a generalized perspective on the gear wear—the
measurements drifted in a specific direction in the latent space with the progress of
gearbox damage;

• The autoencoder outperformed the generative adversarial network in terms of gener-
alization on wear prediction.

2. Materials and Methods
2.1. Experiment Setup

The experiment was conducted on a power circulation test stand for cylindrical gear
fatigue testing (Figure 1).

The test stand consisted of two gear pairs—the tested (item no. 1) and the stand (item
no. 2). These were connected to each other using shafts (items no. 3 and 4). The torque
was provided by preload applied by the load clutch (item no. 5). The electric motor (item
no. 6), with the aid of belt transmission (item no. 7), covered only the power losses and
provided rotational speed. The stand gear pair was designed in such a way as to have
a much greater service life than the tested gears to maintain durability over all tests. A
piezoelectric accelerometer (item no. 8) mounted on the case of the tested gear was used
for the vibration measurements. The tested gear pairs (Figure 2) were the helical gears,
and the data are listed in Table 1. The gear teeth were manufactured with a worm-shaped
tool on a Koepfer EMAG 200 CNC (Koepfer gruppe, Furtwangen, Germany) gear hobbing
machine from 42CrMo4 steel. The teeth surface profile was measured on a Mahr MarSurf
GD 120 measuring machine (Mahr Federal Inc., Providence, RI, USA). Measured roughness
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parameters were Ra0.4 for pinion and Ra0.6 for gear. Gears were classified into the seventh
accuracy grade based on measurements using the Klingelnberg P40 coordinate measuring
machine.
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Table 1. Data of the tested gear pairs.

Parameter Pinion Gear

Geometry

Normal module, mm mn = 3
Number of teeth z1 = 30 z2 = 47
Face width, mm b = 30
Helix angle, º β = 22.482
Normal pressure angle, º αn = 20
Profile shift x = 0
Axes distance, mm a = 125
Pitch diameter, mm d1 = 97.40 d2 = 152.59
Tip diameter, mm da1 = 103.40 da2 = 158.59
Root diameter, mm df1 = 89.90 df2 = 145.09

Accuracy

Total profile deviation Fα, µm 13.5 15.1
Profile form deviation ffα, µm 11.6 8.4
Profile slope deviation fHα, µm 5.3 −12.3
Total helix deviation Fβ, µm 12.3 14.1
Helix form deviation ffβ, µm 7.0 12.7
Helix slope deviation fHβ, µm 9.5 17.9

In the experiment, two sets of gears were used. The first set, whose teeth had been
gas-nitrided (surface hardness 600–750 HV), provided the necessary data for training and
testing the neural network in normal operational conditions (without damage). The second
gear pair, which was only quenched and tempered (surface hardness 28–30 HRC), was
used to test the ability of the neural network to detect a failure. Table 2 provides the details
of the load applied and the duration time of each load stage.

Table 2. Load stages for the tested gear pairs.

Gear Pair I (Quenched and Tempered + Gas-Nitrided)

Load Stage Pinion Torque,
Nm

Pinion Revolutions,
rev/min

Number of Pinion
Load Cycles

Load Stage
Duration Time

0 42 2500 1.5·105 1 h
1 455 2500 1.5·106 10 h
2 455 2500 1.5·106 10 h
3 455 2500 1.5·106 10 h
4 455 2500 1.5·106 10 h
5 455 2500 1.5·106 10 h
6 455 2500 1.5·106 10 h
7 455 2500 1.5·106 10 h
8 455 2500 1.5·106 10 h

Gear Pair II (Quenched and Tempered Only)

Load Stage Pinion Torque,
Nm

Pinion Revolutions,
rev/min

Number of Pinion
Load Cycles

Load Stage
Duration Time

0 42 2500 1.5·105 1 h
1 138 2500 2.5·106 16 h 40 min
2 244 2500 2.5·106 16 h 40 min
3 342 2500 2.5·106 16 h 40 min
4 455 2500 2.5·106 16 h 40 min
5 455 2500 2.5·106 16 h 40 min

There are various methods for measuring the pitting damage for quantitative evalua-
tion such as the loss of mass of gears [24], tooth profile measurements [25], measuring the
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particles in oil [26], or the use of image processing [27] and vision measurements [28]. In
this paper, after each load, the stage gears were inspected for any sign of damage. If failure
occurred, it was captured as a photograph, and then the image was processed to evaluate
the percentage area of pitting damage. The details of the image processing algorithm for
the calculation of the percentage area of pitting are given in [29].

For gear pair I, no sign of damage was detected. A macro photograph of the tooth
surfaces after the eighth load stage is shown in Figure 3.
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The pitting rate for the quenched and tempered gear pair (gear pair II) after each load
cycle is presented in Figure 4.
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tempered only).

The first sign of failure occurred after the second load stage on the pinion tooth
surfaces. Next, the pitting progressively increased, leading to heavy damage to surfaces
after the fifth load stage (Figure 5).
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Figure 5. Macro photograph of pitting in gear pair II after the tests.

More information about this kind of damage and the nature of pitting formation can
be found in [29]. Moreover, at the beginning and end of each load cycle, the horizontal
(perpendicular to the plane of the shaft) vibrations of the tested gear case were acquired
with the aid of a 3-axis piezoelectric sensor (PCB Piezoelectric ICP 356B21) and data
acquisition module (National Instruments NI9234). The sampling frequency was 25 kHz
while the signal duration was 1 s, which gives 25,000 samples for each measurement.

2.2. Data Preparation

Before applying analytical machinery, the data have to be prepared adequately, which
is described in this section. First, the measured and acquired vibrational signal (Figure 6a)
is split into 25 segments (Figure 6b).
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In the next step, a segment of the signal is transformed into the frequency domain
with the aid of power spectral density (Paa) estimation according to Welch’s approach [30]
(Figure 6c) with the Hann window function. Furthermore, the power spectral density is
presented in dB scale by 10log(Paa) (Figure 6d). Finally, this logarithmic power spectral
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density is normalized (x at Figure 6e). The above-mentioned procedure performed for all
measurements resulted in 880 normalized periodograms in the case of normal operation
(gear pair I, load stages from 1 to 8), and 560 in the case of damaged gears (gear pair II, load
stages from 2 to 5). Figure 7 shows the distribution of selected parameters of the obtained
signals for two populations.
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It can be seen that simple analysis within the time domain (Figure 7a,b,d) does not
provide sufficient information about the state of the gearbox operation. The density dis-
tribution of selected parameters varied over the two populations, however, failure could
not be predicted since the parameter values overlapped. The same conclusions could be
drawn in the case of simple analysis within the frequency domain. There was no significant
difference between the amplitude of harmonics corresponding to the frequency of meshing
(>900 Hz) for normal operation and failure (Figure 7b).

After the applied preprocessing, we had two datasets, to clarify, one for normally
operating gears and the other for malfunctioning. The idea was to expose the models
only to the valid data and observe the reaction of the trained models to the faulty gear
measurements. In this way, we did not want to impose a simple classification (on the
particular type of damage), but rather see a more generic behavior of the relevant features
extracted by the semi-supervised algorithms. Therefore, we split the first dataset into
training and test subsets with a 70–30 ratio.

2.3. Principal Component Analysis

Principal component analysis (PCA) is a method used for dimensionality reduction in
multi-featured data. It relies on the sequence of linear transformations of input variables.
As a result, one obtains a set of new features, being linear combinations of the input,
which maximizes the explanation of the dataset variance. Therefore, the first PCA variable
explains the most variance, and hence the following subsequent features less. In our case,
the PCA fit was performed on the healthy gear training dataset. All data were projected
into a two-component space, as presented in Figure 8.
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The data formed five clusters for normal operation and four clusters for the failure
state. Each cluster corresponded to the different measurement series, conducted at different
times and states of gear wear. As can be noted, there was no clear separation between
the points representing the measurements of the operating and failing gears. First, two
principal components explained no more than 61.3% and 9.9% of the data variance. This
led us to the conclusion that more robust, nonlinear treatment was needed.

3. Calculation
3.1. Autoencoder as a Simple Anomaly Detector

The autoencoder (AE) was designed as a deep neural network with five dense hidden
layers (Figure 9). As input, the network takes normalized periodogram x (vector of length
129). This periodogram is next coded by the encoder to a vector h. The encoded vector h is
the input layer for the decoder, which reconstructs it to vector r (output layer).
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For all hidden layers, the rectified linear unit (ReLU) activation function was used. The
network was trained with the aid of the randomly selected 70% of periodograms captured
for normal operation of the gearbox (gear pair I), which resulted in 616 training samples.
The other 30% (264 samples) was used for validation. As the measure of loss, the mean
absolute error was applied (Figure 10).
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To understand whether the observed measurement came from a healthy or damaged
gear set, we looked at its reconstruction. We fed our model with different measurements
and verified the error of the reconstruction. The threshold value, above which the state of
the gearbox will be classified as an anomaly (failure), was calculated with Formula (1):

TH =
1
n

n

∑
i=1

MAEi + 1.5

√√√√ 1
n

n

∑
i=1

(
MAEi −

1
n

n

∑
i=0

MAEi

)2

= 0.0408, (1)

where MAEi is the i-th mean absolute error for training, and n = 616 is the number of
training data. In other words, the gear pair will be classified as faulty if the reconstruction
error is at least one and a half standard deviations above the mean training error. Figure 11
presents the classification results for the testing data (gear pair I without failure).
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It can be seen that the reconstruction matched the input (Figure 11a), however, 10.2%
of the test data were incorrectly classified as an anomaly, while in most cases (89.8%), the
normal state of operation was predicted correctly (Figure 11b).

The main goal of the designed approach is the ability of the neural network to detect a
failure—even the smallest initial pitting (Figure 2, second load stage). To check this ability,
the periodograms of gear pair II were used as inputs. Figure 12 shows the results of the
state prediction in the case of damaged teeth.
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Figure 12. Results of failure detection: (a) example of input x, reconstruction r, and error;
(b) distribution of reconstruction error for the testing data of gear pair II.

It can be seen that the reconstruction error was large (Figure 12a). The greatest
differences occurred within the frequency range between 2000 and 4000 Hz. Such results
(Figure 12b) suggest that signs of pitting might be observed as the increase in the amplitude
of the third- and fourth-order harmonics of transmission error (meshing frequency is
1250 Hz). This increase, however, was too subtle to predict a failure with just simple
analysis in the frequency domain (Figure 7b). The neural network correctly predicted
the state of failure in all cases (Figure 12). Figure 13 shows the confusion matrix that
summarizes the results of the state prediction experiment (Figures 11b and 12b).
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Neural networks are very effective (100%) in failure detection in the case of true
positive classification. This type of classification is crucial for any accountable mechanical
system, since every failure should be detected quickly to prevent further damage. The
method was able to properly predict 89.8% of normal states in true negative classification.
The network misclassified only 10.2% (false positive) of states where the gearbox was
actually without damage. The above results give a high precision (0.90), F1-score (0.95),
and recall (1.00). Based on the performed experiments, it can be seen (Figure 12) that the
threshold could be shifted to 0.045. This could lead to an increase in correctly classified
true negative cases.

3.2. Autoencoder and Convex Hull-Based Clustering in Latent Layer

The key feature of autoencoders is their ability to perform a nonlinear feature reduction.
To use its power, we introduced a small modification to the model from the previous section.
The autoencoder architecture for latent layer exploration was the same as previously,
however, only the two neurons in the latent layer (with linear activation function) were
used (Figure 14).
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The network was trained with the same data and methods described in Section 3.1.
Within the latent space, clear clusters could be observed (Figure 15).

Gear case acceleration normalized periodograms for normal operation in latent space
(Figure 15 green and blue points) formed five clusters, which represent the time of operation
(number of load cycles taken) and the state of the natural wear of teeth. The red points
(Figure 15) formed three clusters that could be clearly distinguished from the clusters
referring to a normal operation, which indicated the abnormal state of the gearbox (failure).
For the prediction of gear state, a convex hull-based classification was proposed. This
method calculates a convex hull (CH) [16] of the training data in latent space. Whenever
the checked point lies within the convex hull, the gearbox is considered to be in the normal
state of operation, while if an outlier is detected (the point lies outside the convex hull),
gearbox failure is predicted. Point h =

[
h1 h2

]T lies within the convex hull if for every
facet it satisfies the condition h·n+ w < 0, where n is the vector unit normal to the facet and
w is the offset of the facet from the origin. The results of the convex hull-based classification
are shown in Figure 16.
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The resulting confusion matrix is presented in Figure 17.
Similar to the case of the autoencoder in Section 5, the proposed approach was very

effective (100%) in failure detection in the case of true positive classification. Moreover, the
number of normal state predictions in the case of true negative classification was increased
to 98.9%. The method misclassified only 1.1% (false positive) of states where the gearbox
was actually without damage. The above results showed a very high precision (0.98),
F1-score (0.99), and recall (1.00).

To show the nature of the latent data separation and compare the results with semi-
supervised methods, we conducted supervised training of the support vector machine
models. For this purpose, we reorganized the dataset and granted labels to normal and
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failure subsets. The labeled data were used with a 70–30% training–test split. Results for
the linear and nonlinear support vector machine (SVM) models are given in Figure 18.
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Figure 18. Decision boundaries and test data for: (a) linear SVM; (b) SVM with nonlinear kernel.

In the case of the linear SVM model, the decision boundary takes the form of a straight
line h2 = mh1 + n where m = 0.581 and n = −4.444. For nonlinear SVM, as a kernel, the
polynomial of the fourth-order was used, resulting in a decision boundary that can be
approximated by equation h2 = ah4

1 + bh3
1 + ch2

1 + dh1 + e, where a = 0.0012, b = −0.0107,
c = 0.0712, d = 0.2795, and e = −4.0032. The resulting confusion matrices are given in
Figure 19.
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The linear SVM model performed well, achieving high precision (1.00), recall (0.99)
and F1-score (0.99), while SVM with the polynomial kernel separated the data perfectly
(Figure 19b). The nonlinearity of latent data separation can be reflected by the R-squared
measure between the linear and nonlinear decision boundary line. For the analyzed case, it
was R2 = 0.98, so the data separation was highly linear, making it easily distinguishable.

3.3. Generative Adversarial Network and Convex Hull-Based Clustering of Discriminator Output

The generative adversarial network for anomaly detection used in this study consisted
of two deep neural networks: the generator and the discriminator (Figure 20).
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Figure 20. Generative adversarial network for failure prediction.

The generator consisted of three hidden dense layers with a rectified linear unit activa-
tion function and aims to generate the fake output based on real input data (periodogram).
The discriminator predicts whether the input is real or fake by mapping the input into
two-dimensional probability space. As in the case of the generator, the discriminator was
designed as a deep neural network with three hidden dense layers with rectified linear unit
activation function. As a loss function for the generator and discriminator while training,
the binary cross entropy was used. The network was trained only on periodograms for a
normal state of operation. The probability space (output) of the discriminator, along with
convex hull-based clustering, is shown in Figure 21.

The data points for both the normal and abnormal states were spread across a straight
line. The training data formed a clear cluster at the top. Based on this, convex hull-based
clustering was performed similarly, as in Section 3.2. The resulting confusion matrix is
plotted in Figure 22.

The use of GAN for anomaly detection resulted in relatively high precision (0.98) and
F1-measure (0.95). The recall was slightly lower and reached the value of 0.93.
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4. Results and Discussion

To understand the nature of autoencoder and GAN behavior and evaluate the pos-
sibility of wear severity prediction, we present the labelled latent data of an autoencoder
(Figure 23) and the discriminator output of the GAN (Figure 24).
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Figure 24. Labelled discriminator output for the GAN: (a) probability space; (b) percentage
pitting wear.

It can be seen that the latent data, mapped into three-dimensional space by adding the
pitting wear coordinate (Figure 23b), allowed us to evaluate the pitting rate based on latent
coordinates h1 h2. The plane was fitted with a 0.26 regression score. The prediction of wear
based on linear regression was not accurate in this case, but it gave some idea of how the
data points were spaced. A more sophisticated nonlinear regression should be applied like
a decision tree or polynomial regressor, which would perform well in supervised learning
within the latent space.

The opposite situation might be observed within the output space of the discriminator
(Figure 24). Data points formed nearly straight lines within the probability space. Mapping
them into three-dimensional space by adding wear coordinates (Figure 24b) did not help,
since wear took non-unique values for the same point on the probability plane. It can also
be observed as an overlapping of clusters in Figure 24a.

A comparison of the performance of the proposed models is given in Table 3.

Table 3. Comparison of results.

Model Precision Recall F1-Score

Autoencoder 0.90 1.00 0.95
Autoencoder + convex hull classification 0.98 1.00 0.99
Autoencoder + linear SVM 1.00 0.99 0.99
Autoencoder + nonlinear SVM 1.00 1.00 1.00
GAN + convex hull classification 0.98 0.93 0.95

Recall was very high for both the autoencoder (AE) and autoencoder combined with
convex hull classification of the latent data (AE+CH), while the lowest value was noted for
GAN + convex hull. The best overall performance (highest precision, recall, and F1-score)
was observed for the proposed AE+CH model. The conventional unsupervised machine
learning approach based on principal component analysis (PCA) did not show a clear
separation between normal and failure operations within a space of reduced dimensionality,
making it difficult to generalize the model and provide proper classification of the fault.
Reduced dimensionality by the autoencoder (AE+CH) provided an advantage over the
PCA and GAN, that is, an almost linear separation between the two states of gearbox
operation (Figures 15 and 16). This allows us, apart from failure detection, to monitor the
condition of the gearbox in both normal and failure operations. It is worth mentioning that
the proposed semi-supervised learning approach (AE+CH) achieved similar results to the
supervised methods (AE + linear SVM and AE + nonlinear SVM).
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5. Conclusions

This paper presented a semi-supervised learning approach for fault detection and
state prediction in gearboxes. The experimental setup, measurements, and data preparation
were presented. Moreover, the architecture of the proposed models was shown along
with semi-supervised training and validation. Based on the performed experiment, the
following conclusions can be drawn:

• The proposed methods based on autoencoders were efficient and could detect even the
initial state of pitting formation, which may be difficult with the aid of signal analysis
in the time and frequency domain;

• The best model (AE+CH) showed very high effectiveness (100%) in failure detection
(true positive) and 98.9% in normal state prediction (true negative), which resulted in
a very high F1-measure (0.99);

• Vibration excitation due to pitting was observed in a higher order of harmonics;
• The latent space analysis revealed a generalized perspective on the gear wear—the

measurements drifted in a specific direction in the latent space with the progress of
the gearbox damage;

• Autoencoder outperformed the generative adversarial network in terms of generaliza-
tion on wear prediction.

Future work could focus on the use of some interesting autoencoder abilities to extract
the features of vibrational signals that may be beneficial in detecting failure based on the
frequency spectrum. This can therefore lead to a better understanding of the influence of
surface damage on gearbox vibration and noise excitation.

Author Contributions: Conceptualization, M.B.; Methodology, M.B. and B.K.; Software, M.B.; Val-
idation, M.B.; Formal analysis, M.B. and B.K.; Investigation, M.B.; Resources, M.B.; Data curation,
B.K.; Writing—original draft preparation, M.B. and B.K.; Writing—review and editing, M.B. and B.K.;
Visualization, M.B.; Supervision, B.K.; Project administration, M.B.; Funding acquisition, M.B. All
authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding and the APC was funded by the Dean of the
Faculty of Mechanical Engineering and Aeronautics of Rzeszów University of Technology.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A

This section presents the methodology of the neural ablation testing of models used
in this paper. Every model was tested to maximize performance while maintaining a
reasonable learning time. The methodology is shown here based on a representative
example of an autoencoder and convex hull clustering in its latent layer (Figure 14). Neural
ablation testing is based on deactivating the selected neurons and evaluating its impact on
the model performance. In the present study, we symmetrically deactivated each of the
hidden layers of an autoencoder according to the test scheme shown in Figure A1.
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The results of the ablation tests show the need to provide the model with more
capabilities in terms of reflecting nonlinearities within the data. Therefore, the model took
on the architecture shown within the paper in Figure 14.

Similar procedures were used to evaluate the autoencoder as a basic anomaly detector
(Figure 9) and GAN for anomaly detection (Figure 20).
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