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 A B S T R A C T

This paper presents the design and implementation of a web tool offering an innovative method for detecting, 
diagnosing and classifying bearing faults in rotating machinery under limited data conditions, providing 
explainability and interpretability of the results obtained. The tool uses a machine learning model to detect 
and diagnose bearing faults. A monotonic smoothed stacked autoencoder builds a health indicator without 
requiring feature extraction, making the tool useful without the need for specialized staff. The tool generates 
explainability and interpretability reports with a correlation analysis between the health indicator and well-
known engineering features and easily interpretable details on the diagnosed faults. The tool includes the 
option to use preloaded state-of-the-art datasets, while also allowing users to upload their own datasets to 
analyze vibration data from real industrial equipment.
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1. Motivation and significance

In recent years, the increasing digitalization of industrial com-
panies has driven demand for more sophisticated, efficient and safe 
machinery. Most industrial processes depend on mechanical and elec-
tromechanical systems, with rotating machinery (RM) accounting for 
approximately 40% of these systems. These components are critical to 
maintaining the effectiveness and safety of industrial processes, as they 
are especially prone to failure due to extended operating times and 
challenging working conditions [1].

In electric motors, various faults affect their overall health. Bearing 
faults account for about 50% of faults, while the stator contributes 
around 30%, and the rotor approximately 10%. The remaining faults 

 DOI of original article: https://doi.org/10.1016/j.aei.2024.102909.
∗ Corresponding author.
E-mail address: magadanluis@uniovi.es (L. Magadán).

are caused by gear issues and looseness. Bearing faults can occur in 
different parts of the bearing which are explained below. The severity 
and manifestation of the damage depend on the location of the fault. 
Understanding and effectively diagnosing bearing faults is crucial for 
ensuring the reliable operation of electric motors [2].

• Outer-race bearing faults: they correspond to faults that occur 
in the outer ring of the bearing, which encloses the rolling ele-
ments [3]. This fault can be detected by analyzing the spectrum of 
the vibration signal, which will show harmonic peaks in the Ball 
Pass Frequency Outer (BPFO) or sidebands separated by the BPFO 
from a central frequency component due to modulation. BPFO is 
computed as indicated in Eq. (1), where 𝑁𝐵 corresponds to the 
number of balls of the bearing, 𝐵𝐷 is the ball diameter, 𝑃𝐷 is the 
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pitch diameter, 𝛽 is the contact angle and 𝐹  is the shaft frequency. 

𝐵𝑃𝐹𝑂 = 𝐹 ⋅
𝑁𝐵
2

⋅
(

1 −
𝐵𝐷
𝑃𝐷

⋅ cos(𝛽)
)

(1)

• Inner-race bearing faults: in this case, the fault occurs in the inner 
ring of the bearing, which is in contact with the rolling elements 
for smooth rotation [3]. The spectrum of a signal where an inner-
race bearing fault exists is characterized by several harmonic 
peaks in the Ball Pass Frequency Inner (BPFI), which is calculated 
as shown in Eq. (2). 

𝐵𝑃𝐹𝐼 = 𝐹 ⋅
𝑁𝐵
2

⋅
(

1 +
𝐵𝐷
𝑃𝐷

⋅ cos(𝛽)
)

(2)

• Ball bearing faults: they refer to defects in the metal balls located 
between the inner and the outer races [3]. The spectrum of a ball 
bearing faulty signal is characterized by harmonics in the Ball 
Spin Frequency (BSF) or sidebands separated by the BSF from a 
central frequency component due to modulation. Eq. (3) shows 
how to calculate BSF. This fault is usually accompanied by outer- 
or inner-race faults. 

𝐵𝑆𝐹 = 𝐹 ⋅
𝑃𝐷
𝐵𝐷

⋅

[

1 −
(

𝐵𝐷
𝑃𝐷

⋅ cos(𝛽)
)2

]

(3)

• Cage bearing faults: these imply malfunctions in the cage of the 
bearings. Its function is to maintain the proper spacing and align-
ment of rolling elements between the inner and outer races [3]. 
The spectrum of a cage bearing faulty signal is characterized 
by the existence of harmonics in the Fundamental Train Fre-
quency (FTF), and is usually accompanied by outer- or inner-race 
faults. FTF can be calculated as shown in Eq. (4). 

𝐹𝑇𝐹 = 𝐹 ⋅
1
2
⋅
(

1 −
𝐵𝐷
𝑃𝐷

⋅ cos(𝛽)
)

(4)

Traditionally, fault detection has relied on classic signal process-
ing techniques. However, the continuous advancement of machine 
learning (ML) algorithms, particularly their efficiency in early fault 
diagnosis using deep learning techniques, has made fault diagnosis and 
classification based on ML a highly popular research field in recent 
years [4]. Convolutional Neural Networks (CNNs) are widely used for 
fault diagnosis and classification in RM [5,6]. The primary limitation 
of these approaches, however, is that deep learning algorithms typ-
ically require large amounts of data for accurate fault classification 
and diagnosis. In addition, data should be balanced, which is quite 
complex in industrial facilities, as faulty samples are difficult to be gath-
ered. To address this issue, techniques such as Generative Adversarial 
Networks (GANs) are often used, generating synthetic data to train 
models [7,8]. Despite their potential, these methods remain sensitive 
to hyperparameter configuration. An improper balance between the 
generator and discriminator can either hinder learning or result in the 
continuous generation of similar samples.

While ML algorithms achieve good results, many operate as black-
box models, making it difficult to understand the logic behind their 
decisions. This often renders their outputs impractical for practitioners. 
Interpretable machine learning focuses on developing models that are 
inherently understandable, while explainable machine learning seeks 
to provide post-hoc explanations for black-box models [9]. Prioritizing 
explainability in the development of new ML algorithms is crucial for 
enhancing model transparency and identifying errors or biases [10,
11]. This ensures that even non-specialists can easily comprehend 
how results are produced. Additionally, explainability is essential in 
highly regulated, safety-critical industries, where all processes must be 
transparent and traceable for certification purposes.

In the work presented in [12], an explainable bearing-fault classi-
fication and diagnosis algorithm built around a Monotonic Smoothed 

Stacked Autoencoder (MS2AE) is designed. This neural architecture 
receives raw vibration signals and is trained using only healthy data, 
without requiring faulty data for training and handcrafted features, 
as the feature extraction is directly performed by the MS2AE. The 
MS2AE encoder extracts monotonic latent features, and then applies 
a smoothing layer to produce a clean, stable Health Index (HI) for each 
sample. After training, the system computes HI values for all healthy 
and unlabeled samples, determines a statistical threshold based on the 
95th percentile of healthy HI values, and identifies the first faulty point 
once five consecutive samples exceed that threshold. Correlation matri-
ces between the HI and traditional time- and frequency-domain features 
provide interpretability, ensuring that the learned representation aligns 
with known engineering indicators of degradation.

Once a sample is classified as faulty, the system performs a mul-
tistage diagnostic procedure. First, it applies Dynamic Time Warping 
(DTW) recursively across healthy samples to generate a single denoised 
healthy signal, then computes the DTW difference between this baseline 
and the faulty sample to isolate the fault signature. A kurtogram-guided 
bandpass filter identifies the optimal frequency band containing impul-
sive fault information, and a Butterworth filter followed by envelope 
analysis extracts the relevant modulated components. The algorithm 
then performs FFT analysis on both the filtered and unfiltered isolated 
fault signals, searching for characteristic harmonics. Based on harmonic 
presence patterns and the HI magnitude, the system determines both 
the fault type (outer race, inner race, ball, or cage) and the degradation 
stage (early, medium, or late).

A web tool has been developed to implement the aforementioned 
work [12] for the early detection, diagnosis, and classification of bear-
ing faults. This application allows users to either utilize preloaded 
public vibration datasets or upload their own, requiring only basic 
information such as bearing frequencies, sampling frequency, load, 
and bearing type, along with two CSV files containing vibration ac-
celeration samples from both normal motor operation and the samples 
to be analyzed. The application performs automated analysis without 
human intervention by employing the MS2AE, which processes the raw 
vibration data and compresses it into a HI that determines the ma-
chinery’s health status. Furthermore, it provides explainability reports 
by comparing the automatically generated HI with features that could 
be manually extracted by qualified staff. It also offers interpretability 
reports by detailing the reasons behind the diagnosed fault, ensuring 
that even users with limited expertise can understand the results.

The remainder of the paper is organized as follows. Section 2 
provides a detailed description of the software, including its archi-
tecture and functionalities. Section 3 presents an illustrative example 
of using the proposed software for bearing fault detection, diagnosis 
and classification, showcasing various approaches with state-of-the-art 
datasets. A quantitative analysis of the results obtained and a perfor-
mance comparison with other state-of-the-art methods is presented in 
Section 4. Section 5 justifies the impact of the proposed web tool in 
diagnosing bearing faults in RM. Finally, the concluding remarks and 
future directions are discussed in Section 6.

2. Software description

The developed web tool provides explainable and interpretable 
bearing fault detection, diagnosis and classification. Users can use 
preloaded datasets or upload their own to perform bearing fault anal-
ysis. Uploaded raw vibration data is compressed into a HI that deter-
mines the stage of degradation of the bearing. The primary goal of the 
software is to detect, diagnose and classify faults in rotating machinery 
without any human intervention (e.g., manually extracting features), 
while providing users with explainable and interpretable results. The 
robustness of the proposed tool, along with the explainability and inter-
pretability of the results, makes it not only usable by non-specialists but 
also reliable for industries where strict regulations must be followed.
2
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Fig. 1. Software architecture.

2.1. Software architecture

The architecture of the proposed software is shown in Fig.  1, consist-
ing of three main components: a web application developed with Java 
Spring, a REST API implemented in Python and a relational database.

The web application, with its user-friendly interface, allows users 
to analyze datasets extracted from rotating machinery. Since the goal 
of the application is to enable users to conduct their own analyses, 
they can upload their own datasets for fault detection, diagnosis and 
classification. Additionally, users can generate detailed reports on the 
faults detected. These reports focus on providing both explainability 
and interpretability of the results.

The REST API is responsible for providing the web application 
with all the necessary functions for fault detection, diagnosis, and 
classification. It implements the core methods from the system de-
scribed in [12], utilizing a combination of machine learning and signal 
processing techniques. For early fault detection, the API uses a MS2AE 
model. In addition, it leverages methods such as Dynamic Time Warp-
ing, Kurtograms, and Fast Fourier Transforms for comprehensive fault 
detection, diagnosis, and classification. The API also handles file man-
agement, enabling users to upload their own datasets. This feature is 
essential, allowing the software to be used with custom data for more 
tailored fault analysis.

2.2. Software functionalities

The functions provided by the components can be grouped as 
follows:

• Web Application: User authentication and visual interface.
• API Rest: User management, file management, fault detection, 
diagnosis and classification, and report generation.

• Database: storage of user data and bearing datasets.
Considering the functions offered by the set of components and 

emphasizing the robustness of the three components working together, 
the following functionalities are achieved:

• ML model training: Machine learning model training using only 
healthy bearing data.

• Execution of dataset analysis: Machine learning and signal pro-
cessing techniques for detecting, diagnosing and classifying bear-
ing faults in public well-known datasets (IMS and XJTU-SY).

• User uploads: Users are allowed to upload their own datasets for 
fault detection, diagnosis and classification.

• Sample selection: Users may select the number of samples to be 
analyzed from the available datasets.

• Report generation and export: Creation and exportation of the 
explainability and interpretability reports of the obtained results.

• Two different views: The web application provides an adminis-
trator view to manage all datasets uploaded by users and their 
associated information, and a user view that displays only the 
preloaded datasets and those uploaded by the user.

• Efficient file storage and management for each user.

3. Illustrative examples

This section presents examples of using the developed tool. Once 
the user logs into the application, the screen shown in Fig.  2 appears. 
Two important panels are visible: the panel on the left corresponds to 
preloaded datasets, while the panel on the right shows the datasets 
uploaded by the user. Each of these panels is explained separately 
below.

In the case of preloaded datasets, the dataset to be analized must 
be selected and then the OK button pressed. The window shown in 
Fig.  3 appears, where a panel on the left displays all the relevant 
information about the selected dataset and several empty graphs are 
shown on the right panel. In the graphs, four color indicators represent 
the degradation stage and type of associated bearing faults. In this 
work, the bearing faults considered are outer-race, inner-race, ball and 
cage bearing faults.

The color indicators are as follows: green (healthy), yellow (early 
degradation stage), orange (medium degradation stage), and red (ex-
treme degradation stage). Additionally, at the bottom, there is another 
panel that allows the user to enter the number of samples from the first 
samples of the dataset to be used as healthy samples for training, as well 
as the number of samples to be analyzed. To illustrate its functionality, 
the IMS-2 dataset is used, specifying the first 300 samples of the dataset 
as healthy samples and selecting from sample #530 to sample #550 for 
analysis.

The analysis is carried out after clicking Run. Fig.  4 shows the 
results of the analysis. The tool has detected, diagnosed and classified 
an outer-race and cage bearing fault at an early degradation stage, 
indicated by the presence of 1X and 2X BPFO (236 and 472Hz) har-
monics, as well as 1X, 5X, and 6X FTF (15, 75, and 90Hz) harmonics. 
Furthermore, the user has the option to download two reports: one that 
provides explainability regarding the machine learning procedure and 
another that offers interpretability of the results obtained.

In the explainability report, correlation matrices between the HI 
obtained and typical engineering features, such as Root Mean Square 
(RMS), Kurtosis, Skewness or the amplitudes of some relevant bearing 
harmonics, are presented, both for the time and frequency domains. 
This is done to ensure that the HI, despite being generated automat-
ically, exhibits a high correlation with traditionally used engineering 
features that require prior knowledge for manual extraction. In the 
example shown in Fig.  4, the variables that are highly correlated with 
the HI are the RMS (68% correlation) and the amplitude of the 1X 
BPFO harmonic of the filtered signal (50%). These two features are 
significantly correlated with the type of fault detected. The obtained 
correlation matrices are shown in Figs.  5(a) and 5(b). The reader 
may refer to [12] for the description of all the features included in 
the matrices. The interpretability report compiles the data shown in 
the graphs in Fig.  4, allowing them to be exported in PDF format 
and providing a description of the fault identified and the method of 
detection.

Users also have the option to upload their own datasets (with a 
maximum of five datasets per user), which will only be visible to the 
3
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Fig. 2. BEARING-FDD: home page.

Fig. 3. BEARING-FDD: preloaded dataset details.

user who uploaded them. To do this, the user must select the New 
Dataset button in the window shown in Fig.  2. This action will open 
a window where the user must enter both the name of the dataset and 
various known values of the analyzed rotating machinery, such as the 
sampling frequency, BPFO, or BPFI, as well as the type of bearing (see 
Fig.  6). Once saved, the dataset will appear in the Saved Datasets
section (see Fig.  2). In this case, a dataset named user is shown.

Once this new dataset is selected and the OK button pressed, a 
window opens, displaying the dataset information and the option to 
load vibration data (see Fig.  7). After loading the data, the page view 
changes to show a new layout that includes a functionality to let users 
load new data for analysis (see Fig.  8). In the example shown, a file 
with new 50 samples to be analyzed is uploaded and the user selects 
the number of previously loaded samples corresponding to healthy 
conditions of the analyzed bearing. The analysis process is similar to the 

previously described, and the results obtained are analogous to those 
shown in Fig.  4.

Apart from these illustrative examples, Table  1 summarizes the 
results obtained for each dataset, analyzing three different set of sam-
ples, each at a distinct degradation level. The most relevant results are 
presented, including the detected faults, the level of degradation and 
the diagnosis that reveals the occurring faults.

4. Performance evaluation

To complement the qualitative examples presented in Section 3, 
a quantitative evaluation of the proposed tool was performed using 
all the considered datasets. Table  2 reports the accuracy, precision, 
recall, and F1-score obtained for each dataset when using the MS2AE 
model for fault detection and diagnosis. These results show that the 
proposed tool achieves consistent and robust diagnostic performance 
4
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Fig. 4. BEARING-FDD: diagnosis of IMS-2.

 
(a) Correlation matrix between HI value and time-domain features

  
(b) Correlation matrix between HI value and frequency-domain features

 

Fig. 5. Correlation matrices between HI value and engineering features in IMS-2 dataset.

across datasets of different sizes and operating conditions. These met-
rics confirm that the MS2AE model, despite requiring only healthy 
samples for training, generalizes reliably to multiple degradation stages 
and fault types.

In order to also evaluate the early fault-detection capabilities of the 
proposed approach, the First Faulty Point (FFP) detected by the tool 
was compared with several state-of-the-art methods reported in the 
literature. FFP is esential for predictive maintenance. Identifying the 
FFP is the first step in RUL prediction; following its detection, several 

algorithmic approaches can be utilized to forecast the degraded state of 
the component. Table  3 summarizes the results across all datasets. The 
proposed tool consistently identifies the onset of degradation earlier or 
at a comparable point to previous works, demonstrating its suitability 
for real-world predictive maintenance scenarios.

These results indicate that the proposed tool performs compet-
itively, providing earlier detection in several cases while requiring 
substantially less data and no manual feature extraction. Moreover, it 
is consistent while predicting under different datasets, as most of the 
5
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Table 1
Summary of fault detection, diagnosis and classification results for well-knwon datasets.
 Dataset Sample Detected faults Degradation stage Diagnosis  
 #1850 - #1880 Inner-race - Cage Early stage 1X BPFI - 1X FTF  
 IMS-1 #2135 - #2145 Inner-race - Cage Medium stage 1X BPFI - 2X, 4X FTF  
 #2150 - #2156 Outer-race - Inner-race - Cage Last stage 1X BPFO - 1X BPFI - 3X FTF  
 #530 - #550 Outer-race - Cage Early stage 1X, 2X BPFO - 1X, 5X , 6X FTF  
 IMS-2 #865 - #875 Outer-race Medium stage 1X, 2X, 3X, 4X, 5X BPFO  
 #970 - #980 Outer-race Last stage 1X, 2X, 3X, 4X BPFO  
 #5960 - #5990 Cage Early stage 2X, 3X, 4X, 5X FTF  
 IMS-3 #6170 - #6190 Outer-race Medium stage 1X, 2X, 3X, 4X BPFO  
 #6314 - #6324 Outer-race - Cage Last stage 1X, 2X, 3X, 4X BPFO - 4X FTF  
 #450 - #457 Inner-race - Ball - Cage Medium stage 1X, 2X BPFI - 1X BSF - 5X FTF  
 XJTU 2-1 #455 - #460 Inner-race - Ball - Cage Medium stage 1X, 2X BPFI - 1X BSF - 5X FTF  
 #460 - #470 Inner-race - Ball - Cage Last stage 1X BPFI - 1X BSF - 2X, 5X FTF  
 #301 - #311 Ball - Cage Early stage 1X BSF - 1X, 2X, 4X, 5X, 6X FTF  
 XJTU 2-3 #410 - #420 Outer-race - Inner-race - Cage Medium stage 1X BPFO - 1X BPFI - 1X, 2X, 4X FTF  
 #525 - #532 Outer-race - Inner-race - Ball - Cage Medium stage 1X, 5X, 6X BPFO - 2X BPFI - 1X, 3X BSF - 5X FTF  
 #2340 - #2360 Outer-race - Ball - Cage Early stage 1X, 2X BPFO - 1X, 3X BSF - 3X FTF  
 XJTU 3-1 #2440 - #2460 Outer-race - Inner-race - Ball - Cage Medium stage 2X, 3X BPFO - 1X BPFI - 1X, 3X BSF - 1X, 3X, 5X FTF 
 #2520 - #2540 Outer-race - Inner-race - Ball - Cage Last stage 1X, 2X, 3X, 5X BPFO - 5X BPFI - 2X, 3X BSF - 6X FTF 
 #1410 - #1425 Inner-race - Ball - Cage Early stage 1X BPFI - 1X BSF - 5X FTF  
 XJTU 3-4 #1445 - #1460 Outer-race - Inner-race - Ball - Cage Medium stage 1X BPFO - 1X BPFI - 1X, 3X BSF - 2X, 5X FTF  
 #1495 - #1510 Outer-race - Inner-race - Ball - Cage Last stage 1X BPFO - 1X, 2X BPFI - 1X BSF - 2X, 5X FTF  

Fig. 6. BEARING-FDD: adding new dataset information.

Fig. 7. BEARING-FDD: loading a new dataset.

Table 2
Quantitative evaluation metrics of MS2AE.
 Dataset Train Samples Test Samples Accuracy Precision Recall F1-score 
 IMS-1 300 1856 0.943 0.947 0.941 0.944  
 IMS-2 300 684 0.951 0.957 0.946 0.951  
 IMS-3 300 6024 0.963 0.968 0.96 0.964  
 XJTU 2-1 300 191 0.942 0.963 0.931 0.947  
 XJTU 2-3 300 233 0.947 0.934 0.938 0.936  
 XJTU 3-1 300 2238 0.961 0.965 0.958 0.961  
 XJTU 3-4 300 1215 0.955 0.968 0.945 0.956  

Table 3
Comparison of First Faulty Point.
 Dataset Proposed Solution [13] [14] [15] [16] [17] [18] [19]  
 IMS-1 1857 – 1917 1833 1971 – – –  
 IMS-2 536 934 632 533 530 – – –  
 IMS-3 5967 – – 5952 – – – –  
 XJTU 2-1 451 – 458 – – 455 452 450  
 XJTU 2-3 301 – – – – 327 302 313  
 XJTU 3-1 2347 2348 2407 – – 2344 2346 2376 
 XJTU 3-4 1416 1418 1446 – – 1418 1417 1430 

related works analyzed only make predictions in one dataset (IMS or 
XJTU), where the rotating machinery analyzed is always placed in the 
same testbed. Only Guo et al. [14] analyze both datasets under the 
same modeling framework. However, the model proposed in this paper 
achieves superior performance in FFP identification across all tests.
6
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Table 4
Three most correlated engineering features with HI.
 Dataset Three most correlated features Present fault  
 IMS-1 RMS (0.97) Shape factor (0.82) BPFI frequency (0.80) Inner-race bearing fault  
 IMS-2 RMS (0.95) BPFO frequency (0.88) FTF (0.83) Outer-race bearing fault 
 IMS-3 RMS (0.97) BPFO frequency (0.85) Fundamental frequency (0.84) Outer-race bearing fault 
 XJTU 2-1 RMS (0.95) BPFI frequency (0.88) Shape factor (0.72) Inner-race bearing fault  
 XJTU 2-3 RMS (0.98) BPFI frequency (0.76) Fundamental frequency (0.76) Cage bearing fault  
 XJTU 3-1 RMS (0.92) BPFO frequency (0.55) Skewness (0.53) Outer-race bearing fault 
 XJTU 3-4 RMS (0.98) Shape factor (0.93) BPFI (0.92) Inner-race bearing fault  

To support the credibility of the explainability module, the corre-
lations automatically produced between the Health Indicator and clas-
sical engineering features were reviewed against previously published 
studies in the bearing-fault diagnosis literature.

Table  4 lists the three features that show the highest correlation 
with the HI for each dataset. The selected features and their associations 
with specific fault types are supported by classical vibration analysis 
principles.

Across the analyzed datasets, clear patterns emerge in the rela-
tionship between the Health Indicator and frequency-domain features 
associated with specific bearing fault types. In all datasets where an 
outer-race fault is present (IMS-2, IMS-3, XJTU 3-1), the BPFO har-
monic amplitude consistently appears among the most correlated fea-
tures. This behavior aligns with classical vibration theory, where outer-
race faults generate strong spectral components at the BPFO and its 
harmonics [20–23].

Conversely, in datasets containing inner-race faults (IMS-1, XJTU 2-
1, XJTU 3-4), the BPFI harmonic amplitude systematically shows high 
correlation with the HI. This is also consistent with established diagnos-
tic principles, since inner-race defects typically excite dominant spec-
tral components at the BPFI [20–23]. The agreement between the au-
tomatically learned HI and these well-known characteristic frequencies 
supports the physical consistency of the explainability module.

Another relevant observation is the consistent role of the shape 
factor in datasets containing inner-race faults. For IMS-1, XJTU 2-1, 
and XJTU 3-4, the shape factor appears among the top correlated fea-
tures. The shape factor is a classical time-domain indicator sensitive to 
waveform deformation and impulsive components, which are typically 
intensified when defects occur on the inner race due to its rotational 
motion relative to the load zone [24–26]. The strong relationship 
between the HI and the shape factor in these cases reinforces that 
the HI captures not only spectral fault signatures (BPFI) but also their 
corresponding time-domain impulsiveness characteristics. 

Finally, the RMS shows extremely high correlation with the HI 
across all datasets, with values between 0.92 and 0.98. This behavior 
is expected and well documented in the literature, as the RMS is one of 
the most widely used global indicators of vibrational energy and tends 
to increase consistently when bearing degradation progresses [27–29]. 
The fact that the RMS is the most correlated feature in all experiments 
suggests that the HI captures the overall growth in vibrational ampli-
tude associated with general fault severity, while still differentiating 
specific fault types through more specialized features such as BPFO, 
BPFI, and shape factor. This reinforces the interpretability of the HI as 
both a global health metric and a fault-sensitive indicator.

5. Impact

Detecting, classifying, and diagnosing bearing faults in rotating 
machinery have become critical activities in modern industrial main-
tenance systems. While practical software tools are highly desirable 
to support these tasks, very few are mentioned in the literature. 
BearTools [30] is a MATLAB-based interactive tool designed for study-
ing bearing fault diagnosis through vibration analysis and envelope 
detection, but it is primarily intended for educational use. SIDMA [31] 
is a tool for detecting and diagnosing bearing faults in induction motors 

using Motor Current Signature Analysis (MCSA) and machine learning 
algorithms. The tool features an API that allows users to upload 
motor current measurements and obtain bearing condition assessments; 
however, it is not publicly available.

The proposed BEARING-FDD software tool is designed based on the 
aforementioned work in [12], implementing all the functionality in a 
user-friendly web interface. It features an API and a web front-end. The 
API enables seamless integration with various industrial systems and 
applications, supporting real-time monitoring and diagnostics across 
different platforms. This significantly enhances maintenance strategies 
and operational efficiency by enabling automated fault detection and 
predictive maintenance. The web front-end demonstrates the API’s 
capabilities, providing practitioners with a practical interface to test 
the API using their own datasets, and allowing them to download both 
explainability and interpretability reports.

The BEARING-FDD tool is publicly available and suitable for use 
in environments with limited data from the monitored RM. It only re-
quires human input to provide healthy samples, samples to be analyzed, 
and some key information about the RM being analyzed, such as shaft 
frequency, bearing-related frequencies, and sample frequency. The di-
agnosed faults are clearly explained without the need for machine 
learning expertise, eliminating the necessity for highly specialized per-
sonnel.

Because the MS2AE model is trained exclusively on healthy data, it 
avoids the need for balanced datasets, which is especially valuable in 
real settings where faulty data is scarce, inconsistent, or unavailable. 
The recursive use of DTW to merge healthy samples effectively isolates 
stable patterns and removes noise, producing a clean baseline signal 
that significantly enhances fault–signature extraction when comparing 
against faulty samples. Additionally, the kurtogram-driven filtering and 
harmonic analysis provide an interpretable link between the extracted 
fault components and physically meaningful bearing frequencies. How-
ever, the method inherently relies on the availability of sufficiently 
high-frequency vibration data: if the sampling frequency falls below 
2 kHz, the Nyquist limit restricts the FFT to below 1 kHz, making many 
bearing-fault harmonics (BPFO, BPFI, BSF, FTF and their multiples) 
inaccessible. As a result, low sampling rates can mask key spectral 
indicators and degrade diagnostic performance, highlighting the impor-
tance of using vibration acquisition systems capable of capturing the 
higher-frequency impulsive content associated with early-stage bearing 
faults.

6. Conclusions

A novel web tool for bearing fault detection, diagnosis and classi-
fication providing explainable and interpretable results has been pre-
sented. The software allows users to use preloaded datasets or upload 
their own datasets. The MS2AE model addresses two major challenges 
in fault analysis. First, it can be effectively applied with limited and 
imbalanced datasets, as the model requires only healthy data from the 
monitored machinery for training. Second, no manual feature extrac-
tion is necessary, as the model processes raw vibration data without 
any preprocessing. The model consolidates all features into a health 
indicator value, which is then used to identify the initial point of fault.

The results obtained from relevant bearing fault datasets demon-
strate that the proposed fault detection, diagnosis and classification 
7
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Fig. 8. BEARING-FDD: saved dataset.

tool performs effectively under various operating conditions and motor 
loads. The system operates autonomously, requiring human interven-
tion only to provide healthy samples, unlabeled samples, and essential 
information about the rotating machinery being analyzed, such as 
shaft frequency, bearing-related frequencies, and sampling frequency. 
This autonomy makes the tool well-suited for real-world applications, 
even when limited data is available from the monitored machinery. 
Additionally, no specialized expertise is required, as the tool clearly ex-
plains the diagnosed faults without necessitating knowledge of machine 
learning. Furthermore, the tool can be easily applied to any rotating 
machinery due to its flexibility. It can also be adapted to support the 
diagnosis of other common faults, such as unbalance, misalignment, 
and gear faults.

Summarizing, the primary contributions of the developed software 
are:

• Operates effectively with limited data, as only healthy data is 
required for training the MS2AE model.

• Eliminates the need for manual feature extraction, as the MS2AE 
model compresses the raw vibration data into a single health 
indicator value.

• Demonstrates robustness under varying operating conditions and 
motor loads.

• Provides explainability of the health indicator obtained using 
well-known engineering features.

• Offers interpretability, making the system accessible to non-
specialized staff, as diagnosed faults are clearly described.

Future work will focus on the applicability of this software to 
other scenarios, such as gears or combustion engines. Moreover, the 
integration of additional ML models for RUL prediction, as well as the 
software’s effectiveness in diagnosing other common faults, such as 
unbalance, misalignment, and gear faults, will be explored.
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