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Abstract. Not rarely, rotating components perform critical functions in mechanical systems that require high levels of
reliability. As an emerging line of research, fault detection in rotating machinery is increasingly being carried out using
artificial intelligence (AI) techniques fed by data from vibration, temperature, and sound sensors. These types of algo-
rithms have been relatively successful due to their ability to handle with a large set of input data and provide high accuracy
in diagnostics. However, these techniques still lack explainability and are often referred as black boxes. To address this
problem, this paper aims to combine the ability of Bayesian Neural Networks (BNNs) to express uncertainty with global
sensitivity analysis using Sobol Index to determine which inputs are more determinant for the meta-models formulated. In
this sense, BNNs were trained to regress malfunction parameters of a double rotor connected by a coupling. The regressed
faults were: crack size, coupling misalignment angle, and distance. The AI models were trained using a data set generated
by numerical simulations whose bearing displacement data were processed using the full spectrum transform. Finally, the
first and second-order Sobol index analysis was applied and validated, identifying the most influential inputs for model
prediction.

Keywords: Explainable Artificial Intelligence, Bayesian Neural Networks, Condition-Based Maintenance, Rotor Dynam-
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1. INTRODUCTION

It is of great importance in mechanical systems to identify possible deviations from standard operation. In the rotat-
ing machinery branch, this issue is crucial due to its extensive use in various types of equipment. Not rarely, rotating
components perform critical functions in mechanical systems that require high levels of reliability. These systems may
be employed in environments and operating conditions that are vulnerable to failure due to fatigue, wear, corrosion, and
assembly errors Friswell (2010).

In the field of fault parameter diagnosis, there are several works related to each type of failure. For the determination of
unbalanced parameters, it is worth mentioning Xie et al. (2016), which regressed unbalance data on a helicopter rotor. In
Zang et al. (2018) the unbalance rotor based on sparsity control of the residual model was estimated, and finally, the paper
by Luu and Hai (2020) did a dynamic balancing system with a multiple regression model. The work of Srinivas et al.
(2021) proposes a model for the determination of angular and parallel misalignment parameters. For shaft cracking, the
work of Ellis et al. (2022) proposes a model to infer the crack size in turbine blades and thereby calculate the remaining
life before failure.

As an emerging line of research in recent years, fault detection in rotating machinery is increasingly being carried out
using artificial intelligence (AI) techniques fed by data from vibration, temperature, sound, and image sensors Jardine
et al. (2006). These types of algorithms have been relatively successful due to their ability to handle a large set of input
data, provide high accuracy in machine diagnostics, and continuous monitoring Russell (2016). However, these statistical
techniques still lack explainability and are often referred to as black boxes Castelvecchi (2016). Furthermore, these types
of models, with a few exceptions, do not possess extrapolation capabilities and do not provide early warning to the user
when the model is extrapolating and when the model is interpolating predictions between training data Belli (2023).
Nowadays there is a huge demand in society for explainable and interpretable models Rudin (2019), from applications
touching the ethical field Goodman and Flaxman (2017) to reliability in engineering Oh et al. (2023).

To address this problem, this paper aims to combine the ability of Bayesian Neural Networks (BNNs) to express
uncertainty Gal and Ghahramani (2015) with global sensitivity analysis using Sobol Index to determine which inputs
are more determinant for the meta-models formulated Štrumbelj and Kononenko (2014). In this work, the approach
to Bayesian inference used was by applying the Monte Carlo Dropout technique that was first described in Gal and
Ghahramani (2015). This method has been employed in situations where higher diagnostic reliability is needed, such as
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in the medical field Lee and Kim (2022) and Ju et al. (2022) and in critical engineering systems Bae et al. (2022) and
Tong et al. (2022). The Sobol index has been used to explain nonlinear models AI in Pan et al. (2021), Wang et al. (2023),
and Fel et al. (2021).

In this sense, BNNs were trained to regress malfunction parameters of a double rotor with a coupling. The regressed
faults were: coupling misalignment angle and distance, and crack size. The AI models were trained using a data set
generated by numerical simulations whose bearing displacement data were processed using the full spectrum transform.
The input parameters of the finite element model were modeled with probabilistic distributions and sampled using Monte
Carlo. After training, the models were evaluated in their uncertainty expression, verifying that the higher the uncertainty,
the higher the error performed in the predictions. Finally, the first and second-order Sobol index analyses were applied
and validated, identifying the most influential inputs for model prediction.

2. OBJECTIVES

This paper aims to investigate the possibility of applying the Sobol index analysis combined with uncertainty quantifi-
cation in Bayesian neural network to address the explainability to the AI diagnosis model applied to malfunction parameter
determination in rotor machines in situations of shaft crack, angular and parallel misalignment.

3. METHODOLOGY

3.1 Multi-Fault Rotor Model

The basic model for simulating and modeling rotating machines is composed of a rotor, bearings and supporting
structures. Many other variations can be included in the model to better represent the physics of the problem. In these
theoretical models there are parameter inputs that characterize the machine such as the mass, rotational speed, damping
coefficient related to energy dissipation, and stiffness coefficient. This mathematical model is formulated for modeling
application with the Finite Element Method (FEM). The modeling of the Multi-Fault Rotor will follow the paper Garoli
et al. (2019).

The shaft elements are modeled with Timoshenko beams of circular section which makes it possible to include the
phenomenon of shear and rotational inertia. The formulation used for determines the mass matrix, rotation inertia matrix,
gyroscopic matrix and the stiffness matrix follow Lalanne and Ferraris (1998). The global equation is shown bellow in 1

M · q̈ + (C + Ω·G) · q̇ + K · q = F (1)

Where the variables M, C, G and K are the global mass, damping, gyroscopic effect and stiffness matrices. The
vector F is the forces that are applied to the model. The variable q, Ω are the displacement and is the angular velocity of
the rotor, respectively. The construction data used for the rotor simulation is shown in Table 1:

Table 1. Construtive Parameters of the Simulated Rotor

Construtive Parameters of the Simulated Rotor

Model Parameters Value Unit Model Parameters Value Unit Model Parameters Value Unit
Shaft Lengths 631.5 [mm] Bearings Diameters 31 [mm] Shafts Diameters 12 [mm]
Lubricating Oli Viscosity 40 [mPa.s] Inner Disk Diameter 12 [mm] Inner Coupling Disks Diameter 4 [mm]
Outer Disks Diameters 90 [mm] Numer of Coupling Bolts 4 unit. Disk Thickness 45 [mm]
Shear Modulus (G) 79.6 [MPa] Elasticity Modulus (G) 211 [GPa] Density 7860 [kg/m³]

The diagram representing the physical aspects of the rotor is shown below in Figure 1:

Figure 1. Rotor’s Diagram.
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3.2 Journal Bearing Modeling

The modeling of hydrodynamic bearings is realized by changing the stiffness and damping matrices of the elements
that model them. In a simplified way, the Timoshenko beam elements in which the bearings are located have the behavior
of their degrees of freedom altered by the inclusion of stiffness and damping coefficients that characterize the bearing.
This proposition was made by Lund and Sternlicht (1962) for the modeling of hydrodynamic bearings. In purpose of
simplifying the mathematical modeling, the short bearing assumption proposed by Ocvirk (1952) is assumed, in which
it is possible to disregard the pressure variation in the bearing circumference direction and thus obtain an analytical
solution by Reynolds.To include the effect of the short hydrodynamic bearing in the model just add the coefficients to the
respective degrees of freedom in the finite element. The mathematical approach to this proposition is found in Krämer
(1993). Finally, the foundation is considered to be infinitely rigid and for this reason has no influence on this model.

3.3 Model for Faults Simulation

Unbalance is one of the most common faults in rotating machines, since some level of unbalance is always found. No
matter how perfectly a machine is manufactured, some assembly deviation always occurs. (adapted from Friswell (2010))
The presence of unbalance in the rotor generates a radial force causing an increase in the oscillatory motion of the rotor
increasing the possibility of machine degradation for this reason. (adapted from Mohanty (1989)) For its correction it is
usually balanced the rotor. Besides causing vibrations at the synchronous frequency (1X) Hatch (2002). The unbalancing
force matrix was add to the model as described according to Lalanne and Ferraris (1998). In the equation 2 is shown the
formulation of the unbalance force.
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In the equation, mu, d and β are respectively the unbalance mass, the mass eccentricity, and as the unbalance phase
angle.

Misalignment can be characterized as an angular or parallel deviation with respect to the coaxial shaft of a coupling
connecting two rotors. In the presence of this shaft irregularity in the machine connection preload forces are introduced
into the coupling which are then transmitted to the different components of the machine reducing its useful life. (adapted
from Piotrowski (1952)) In the work of Dewell and Mitchell (1984), a spectral analysis was used for the determination of
misalignment in flexible couplings. The most relevant measurements performed were the amplitudes of the second and
fourth harmonics. The authors pointed out that amplitude measurements related to the rotational frequency of the rotor
are not relevant for determining this type of failure. The modeling was done according to the Less (2007). For the angular
misalignment, there is the equation 3, and for parallel misalignment, there is the equation 4.
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For the case of angular misalignment in the formulation 4, the model proposes two rotors coupled to each other with
an angle αb. Due to this, the stiffness of one of the coupling bolts is modeled as ka + k′ with the stiffness of the other
bolts kept as ka. In the model of parallel misalignment Nb, δb, kb are the number of bolts in the coupling, the distance
of misalignment, and the stiffness of the coupling. The input data for the simulation was sampled from the parameter
distributions described in Table 2.

Shafts are very susceptible to fatigue crack nucleation and propagation, so it is of interest to monitor this type of
failure. In GREEN (2005) it was verified that the second harmonic (2X) is affected in the presence of shaft cracking.
According to AL-Shudeifat (2013) it is possible to simulate the presence of a transverse crack in a rotor-bearing-disk
system. The author reports that during rotation, the crack opens on the shaft causing radial asymmetry due to the variation
of the moment of inertia in time. Therefore, the stiffness matrix is formulated so as to generate a linear periodic system
and thus introduce the crack effect into the model. The stiffness matrices of the cracked element are shown below in the
matrices 5 and 6:
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Where, Ix̄ = −Acee
2, Iȳ = Iy where Ace is the cross-sectional area of the crack, e is the centroid at Y .The area

moments of inertia with respect to X and Y are written as Ix and Iy , respectively. Finally, the element stiffness matrix
should be replaced by the sum between the element’s modified stiffness matrix by the crack stiffness matrix as K =
Ke +Kcr .

The parameters for generating the data set were sampled from probabilistic distribution as follows: angular velocity
was modeled as a normal distribution, N (50,3) [rad/s], the unbalance in both disks as a uniform distribution, U [1, 10] ·
10−6 [kg · m]. For the angular misalignment simulation, the angle between the couplings was sampled from a uniform
distribution, U [0.001, 1] [degree]. In the parallel misalignment case, the parallel distance was collected from a uniform
distribution, U [1, 10] [mm]. Finally, for the crack shaft simulation, the crack size and the crack location were modeled
from uniform distributions, U [0.01, 0.4] [% of radius] and U [4, 14]U [32, 42] [Node].

3.4 Data Generation and Processing (Full Spectrum Features)

The parameters for generating the data set were sampled from probabilistic distribution in order to create the most
uniform data possible. All the parameters were modeled from uniform distributions with the exception of the angular
velocity considered as a normal distribution due to its characteristic of a field measurement. In Table 2 the complete data
is showed.

Table 2. Inputs Sampling Parameters for Simulation

Data Sampling for the Simulations

For all the Fault Simualtions Angular Misalignment Fault Parallel Misalignment Fault Crack Shaft Fault
Parameter Distributions Units Parameter Distributions Units Parameter Distributions Units Parameter Distributions Units
Angular Velocity N (50,3) [rad/s] Misalignment Angle U[0.001, 1] [Degree] Misalignment Distance U[1, 10] [mm] Crack Size U[1%, 40%] [% radius]
Unbalance U[1, 10] ·10−6 [kg.m] Crack Location U[4, 14] U U[32, 42] [Node]

The measurements used for the diagnosis with the Full Spectrum preprocessing come from the time series of the X
and Y displacements of the four bearings in a time window of 0.5 seconds of the rotor system in a steady state regime.
From this data processing is done by applying a Frequency analysis with a Fourier transform in x and y to obtain values
of the amplitudes of the ±1X , ±2X , ±3X , ±4X , ±5X and ±6X harmonics, where the positive ones are related to
forward and the negatives to backward. This number of harmonics used in the regression has been proved beneficial to
the accuracy of the models in Belli (2023) and Belli and de Castro (2023), but in this work, the comprehension of the real
need of the data will be revealed through the Sobol Index analysis.

3.5 Bayesian Neural Networks applying Monte Carlo Dropout

The dropout procedure was formalized by Srivastava et al. (2014) as a regularization method for neural networks,
and consists of modeling the probability of a neuron participating or not in the model by a Bernoulli distribution. By
applying the Monte Carlo test to the neural networks multiple predictions are obtained on the neural network with dropout.
According to Gal and Ghahramani (2015) optimization based on stochastic gradient descent combined with the application
of dropout during training produces the occurrence of the deep Gaussian process described by Damianou and Lawrence
(2013) responsible for approximating Bayesian inference in the model. To determine the uncertainty related to prediction,
multiple predictions are sampled from a neural network with dropout, and the uncertainty can be determined by calculating
the standard deviation, the entropy, and the negative log-likelihood.

In rotating machinery this technique has been applied to the detection of wear levels in bearings Belli et al. (2022), in
multi-fault rotors Belli (2023) and in the regression of rotor failure parameters Belli and de Castro (2023).

3.6 Sobol Index Analysis

The Sobol index is a sensitivity global analysis method that is used to determine the most influential inputs in the
variance of the model Sobol (1990). The formulation of the first and second-order Sobol index is given by:

The total variance is given by:
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V ar(Y ) =
∑
n

V ar(M(Xn)) (7)

first-order Sobol index,

Sn =
V ar(M(Xn))

V ar(Y )
(8)

where Y is the BNN output stochastic vector, the Xn is the know stochastic vector given as input variable to the model
M, and V ar is the variance.

second-order Sobol index,

Sn,j =
V ar(M(Xn, Xj))

V ar(Y )
(9)

where Xj is the combined variable analyzed with Xi.
It’s important to point out that the first-order Sobol index represents the variance effect of the input variable alone.

In calculus, the focus variable is modeled as a probabilistic density function defined in finite support, the other variables
remain deterministic. The analysis is performed considering just the variance of one input variable.

The second-order Sobol index considers two combined variables to analyze the combined effect. In this study, the
analysis was done just to the second-order index because of the limited computational effort. Lastly, was consider a
threshold of 5 % of influence in the variance to show and comment on the results section.

3.7 Analysis of the inputs

First, the BNNs are trained to regress the proposal malfunction parameters with all the available data. Then, the
verification of the inverse relationship between uncertainty and accuracy is verified. The first and second-order Sobol
indexes are calculated for the BNNs. Then the variables with less than 5% of importance in the variance are removed a
new model is trained to verify the Sobol index relevance.

With the variable that performed less than 5% of importance on the variance in the BNNs new models are trained. It
is important to notice that due to the optimation process and the fact that the models are data-driven inputs with relevant
physical information can be ignored due to local minimum regions during optimization or the presence of redundant
information.

During the Sobol indexes calculus the support for all the variables was determined between [0, 1], this assumption is
related to the normalization during the BNN training.

Figure 2. Methodology’s Diagram.

The optimization of the hyperparameters was done using Optuna software, which is based on a Bayesian optimization
algorithm of type tree-structured parzen estimator Akiba et al. (2019). This optimization was performed describing
support of [0, 100] for the number of neurons, [0, 10] for the number of layers, and the activation functions linear, reLu,
sigmoid, tangent hyperbolic, and swish. The Sobol calculus was performed using the Python library SALib Herman and
Usher (2017).
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4. RESULTS and DISCUSSION

Results and Discussion

Once the signal processing techniques and the conditions for preparing the training data in the model were well defined,
the neural networks were trained and their architecture was optimized in a common setup for all models. Table 3 shows
the common characteristics of the models. In addition, Table 4 shows the errors obtained for each model in the Mean
Absolute Percentage Error (MAPE) unit.

Table 3. Bayesian Neural Network for Fault Parameter Regression

Bayesian Neural Network for Fault Parameter Regression

Parameter Value Parameter Value Parameter Value Parameter Value
N°. of Inputs 48 Data Collection Bearings Displacements Data Treatment Full Spectrum N°. of Neurons 63/66/70
N°. of Hidden Layers 2 N° of Outputs 1 Bias True Activation Function Hyperbolic Tangent
Act. Func. (Output) Linear Loss Function Mean Absolute % Error Optimizer ADAM N° of Epochs 2000
Learning Rate 10−3 Batch Size 10 Dropout 50% Init. Weights Type Random Uniform
Data Amount for Training 7500 Data Amount for Test 2500 Normalization Type (0, 1) and log10

Table 4. Error of Failure Parameter Regression for each Model Trained

Error of Failure Parameter Regression Models

Model MAPE (Error)
Regression of Misalignment Angle 20.8%Tr./24%Val.

Regression of Misalignment Distance 9.7%Tr./7.9%Val.
Regression of Crack Size 15.6%Tr./15.7%Val.

Below are shown partial results of the regressions performed with their uncertainty indicated by the purple shaded
area.

Figure 3. a) Regression of Angular Misalignment b) Regression of Parallel Misalignment Distance c) Regression of the
Crack Size.

In all three fault severity regression graphs it was observed that the uncertainty tends to increase at the extremes of
the fault severity. A probable reason is that in the region where the fault is not very severe, its influence is small on the
vibrational behavior of the machine, and in the regions where the severity reaches its highest values it is due to the fact that
non-linear phenomena start to interfere in the process. It is interesting to point out that the model for predicting crack size
was able to estimate the size of cracks that changed position longitudinally and between the two shafts. Demonstrating
great versatility and adaptability to the inherent characteristics of the mechanical system.

To study the behavior of the uncertainty coming from the models, graphs were generated that represents the increase
in accumulated uncertainty by the accumulated error in the model predictions for the entire data set. All counts are
performed from the ordering of the predictions by the uncertainty expressed in increasing form. It is expected that the
uncertainty is directly proportional to the increase in error if this does not occur it means that the model is not able to
represent its uncertainty and this occurs when there is a lack of adherence of the model to the training data. Below in
Figure 4.
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Figure 4. a) Behavior of Uncertainty in the model Regression of Angular Misalignment b) Behavior of Uncertainty in the
model Regression of Parallel Misalignment Distance c) Behavior of Uncertainty in the model Regression of Crack size.

All other models showed the expected behavior trend for uncertainty and error.

4.1 Sobol Index Analysis

The Sobol index analysis was performed using the first and second-order indexes. In the majority of the cases the
second-order indexes were not relevant and for this reason, were not represented integrally. The 1st order Sobol index
table of the BNNs is completely demonstrated in Figure 5, 6, and 7.

Figure 5. First Order Sobol Index Demonstration for Angular Misalignment Fault.

Figure 6. First Order Sobol Index Demonstration for Parallel Misalignment Fault.

Figure 7. First Order Sobol Index Demonstration for Crack Fault.

The BNNs model for Angular Misalignment demonstrates a predominance of the first positive harmonic in the influ-
ence of the variance, with the higher index in the second bearing. Not far from that, the parallel misalignment shows a very
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strong dependence of the (+1X) from the second bearing and the (-1X) from the first bearing. In the literature, the angular
and the parallel misalignment are characterized by the first (+1X) and second (+2X) harmonics in qualitative diagnostics
Dewell and Mitchell (1984). In the Crack size regression, the most important parameters were the (-4X) from the second
and the third bearing, it is worth mentioning a discreet influence from the first (1X), fourth (4X) positive harmonics, and
the second negative harmonic (2X). This result is relevant in relation to GREEN (2005) that diagnostics cracks observing
the second harmonic (2X). Regarding the crack regression model, the sum of Sobol indices is more distant from unity
than the other models. This factor can be explained by the limited computational resources of the study, which were not
able to calculate indices of order greater than 2. It is important to emphasize that no significance was found in order-2
indices, which is why they are suppressed in this paper.

With the complete demonstration of the results of the first-order Sobol index, we notice a large number of variables
with little influence in the models, and issues such as the sub-utilization of the input data gain a lot of relevance in the face
of these results. In this sense, the methodology presented was applied, and the analysis and validation of the Sobol index
recursively in three rounds to evaluate the potential of the data to formulate new models in the absence of other data. The
results are showed in Table 5 and 6.

Table 5. Bayesian Neural Network Hyperparameters

Bayesian Neural Network Hyperparameters
BNNs Models Hyperparameters Round 0 Round 1 Round 2 Round 3

Misalignment Angle Regression
N° of Neurons 63 15 86 97
N° of Layers 1 2 4 2
Activation Swish Swish Swish Swish

Misalignment Distance Regression
N° of Neurons 66 67 53 58
N° of Layers 1 3 3 9
Activation Swish Swish Swish Swish

Crack Size Regression
N° of Neurons 70 57 84 84
N° of Layers 1 1 9 9
Activation Swish Swish Swish Swish

Table 6. Table of Malfunction Parameter Regression Error (%) and Sobol Index

Malfunction Parameter Regression Error (%) and Sobol Index
Sobol Index Analysis (Round 0)

Model Most Relevant Inputs (1st Order Sobol Ind>5%) Max 2nd Order Sobol Index MAPE (Error) Sobol Ind. Val. MAPE (Error)
Misalignment Angle Regression (+1X B1) (+1X B2)(+1X B3)(+1X B4) 0.4% 20.8%Tr./24%Val. 27%Tr./30%Val
Misalignment Distance Regression (+1X B1) (-1X B1) (+1X B2) 0.2% 9.7%Tr./7.9%Val. 15%Tr./17%Val
Crack Size Regression (+4X B2)(-2X B2)(-4X B2)(+4X B3)(-4X B3) 1.8% 15.6%Tr./15.7%Val. 28%Tr./35%Val

Sobol Index Analysis (Round 1)
Model Most Relevant Inputs (1st Order Sobol Ind>5%) Max 2nd Order Sobol Index MAPE (Error) Sobol Ind. Val. MAPE (Error)
Misalignment Angle Regression (-1X B1)(-1X B2) 11.6% ((-1X B1) + (-1X B2)) 42%Tr./21%Val 31%Tr./31%Val
Misalignment Distance Regression (+2X B2) (-1X B2) (+1X B3)(+1X B4)(-1X B4) 0.6% 17%Tr./17%Val 13%Tr./14%Val

Crack Size Regression
(+1X B1) (+4X B1) (+6X B1) (-4X B1)(+1X B2)

(+2X B2)(+3X B2) (-3X B2)(+1X B3)(+2X B3)(+3X B3)
(-2X B3)(+1X B4)(+4X B4)(-1X B4)(-2X B4)(-4X B4)

1.6% 17%Tr./20%Val 20%Tr./19%Val

Sobol Index Analysis (Round 2)
Model Most Relevant Inputs (1st Order Sobol Ind>5%) Max 2nd Order Sobol Index MAPE (Error) Sobol Ind, Val. MAPE (Error)

Misalignment Angle Regression
(+2X B1)(-2X B1)(-3X B1)(+4X B2)(+5X B2)

(-2X B2)(-3X B2) (-4X B2) (+2X B3)(+5X M3)(+6X B3)
(-1X B3) (+2X B4)(+6X B4)(-1X B4)

1.6% 26%Tr./26%Val 37%Tr./51%Val

Misalignment Distance Regression
(+2X B1)(+3X B1)(-2X B1)(+3X B2)
(+4X B2)(-2X B2)(+2X B3)(+3X B3) 1.3% 26%Tr./31%Val 24%Tr./25%Val

Crack Size Regression
(+2X B1)(+5X B1)(-1X B1)(-2X B1)(-5X B1)(-6X B1)
(+6X B2)(-1X B2)(-5X B2)(+5X B3)(+2X B4)(-6X B4) 3.5% 21%Tr./21%Val 27%Tr./32%Val

Sobol Index Analysis (Round 3)
Model Most Relevant Inputs (1st Order Sobol Ind>5%) Max 2nd Order Sobol Index MAPE (Error) Sobol Ind. Val. MAPE (Error)

Misalignment Angle Regression
(+3X B1)(+5X B2)(-6X B2)(-3X B3)
(-5X B3)(-6X B3)(+6X B4)(-5X B4) 3.0% 42%Tr./40%Val 31%Tr./24%Val

Misalignment Distance Regression

(+4X B1)(+5X B1)(+6X B1)(-3X B1)(-4X B1)(-5X B1)
(-6X B1)(+5X B2)(+6X B2)(-3X B2) (-4X B2) (-5X B2) (-6X B2)

(+4X B3) (+6X B3) (-2X B3) (-3X B3) (-4X B3) (-5X B3) (-6X B3)
(+3X B4)(+4X B4)(-2X B4) (-3X B4)(-4X B4)(-5X B4)

15.6 % ((-3X B3) + (-3X B3)) 57%Tr./67%Val 27%Tr./22%Val

Crack Size Regression
(+3X B1) (+4X B1) (+6X B1) (-5X B1)(+3X B2)
(-5X B2)(+3X B3)(+4X B3)(+3X B4)(-2X B4) 6.1% ((-3X B3) + (-6X B3)) 31%Tr./43%Val 42%Tr./32%Val

The most important results of the table are in the last column because they refer to the validation of the Sobol indices.
These accuracies were obtained by training new BNNs only with variables with Sobol index >5% in the round. In some
situations, these models outperformed BNNs trained on the complete dataset of their current round. Another issue is the
decrease in the accuracy of the BNNs as the rounds go by, even though there is a fluctuation in the accuracy value due
to stochastic optimization, it is evident that the missing of some inputs were decisive to decrease in the accuracy of the
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models.
It is interesting to note that as the rounds of Sobol Index analysis and validation progress, the number of relevant

variables increases for all models. The models that showed considerable relevance in the second-order Sobol Index were
the BNN for angular misalignment (round 1), parallel misalignment (round 3), and crack size (round 3) in the first round
of analysis and validation.

5. CONCLUSION

The Bayesian neural networks were successful in the task of regressing the proposed failure parameters. The inverse
relationship between accuracy and error was observed in all models and the global sensitivity analysis of the Sobol index
was performed revealing a good coherence with other literature evidence. It is worth noting that after analyzing the BNN
models trained with the full data, another analysis using the Sobol index was performed recursively in three steps. This
process allowed an understanding of the sub-utilization of inputs in the model. At each round of analysis variables with
Sobol index >5% were removed and new BNNs were trained on the remaining data. The second-order Sobol index was
not relevant in the majority of the cases, with few exceptions in round 1 and 3. The model that performed worst in terms
of accuracy obtained a MAPE error of 42% for the crack regression (In Sobol Index validation models). The proposed
methodology was efficient in the sense of uniting the capacity of understanding the regression mechanism that the Sobol
index provides with the quantification of uncertainty correlated to the MAPE of BNNs. In future works, this procedure
could be use to select the best inputs for the model, avoiding an excessive amount of unnecessary and redundant data that
are ignored by the BNN. Finally, we consider that this work was successful in demonstrating the possibility of applying
artificial intelligence in environments that require high-reliability rates, helping the user to understand the predictive
mechanism of the model (Sobol Index) and the regions in which the probability of the model’s prediction failure is higher
(BNNs Uncertainty).
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