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Abstract

Clearance is an important phenomenon in mechanisms that stems from manufacturing im-
perfections and wear and tear. Undetected clearance can compromise machine operations,
negatively impacting its performance, and cause premature damage that requires mainte-
nance actions. Monitoring clearance growth is useful to improve maintenance plans and
helps reduce the number of unwanted interruptions during machine operation. In this work,
a prediction method that targets the determination of the clearance size based on minimal,
raw sensor data and machine learning is proposed. The data in this study are generated
using multibody dynamics simulations based on planar mechanisms and used to train and
compare several types of neural networks in terms of their ability to assess clearance size.
Results show that clearance parameters can be reliably estimated with appropriate combina-
tions of sensor locations and type of neural network. The developed method offers reliable
clearance detection based on measurements that can be obtained from physical systems and
used to monitor the state of their clearance defects.
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1 Introduction

Clearance refers to the small gap or free motion that exists between two connected com-
ponents in a mechanical system. In machines, it typically appears in joints, bearings, or
other connections where parts are not in continuous tight contact. As a result, the presence
of clearance allows additional movement that may involve impacts and intermittent contact
between the components. This leads to vibration and noise, reduces overall machine perfor-
mance, and increases heat generation and wear. Over time, excessive clearance can cause
damage to components and eventually lead to premature system failure.

In traditional multibody system analysis, a joint is typically assumed to be an ideal con-
nection between bodies, without any clearance or flexibility. This assumption simplifies the
modeling process but does not always represent real mechanical systems accurately. In prac-
tice, joints often exhibit small gaps or elastic deformations that affect the relative motion
between components. Neglecting these effects can lead to discrepancies between simulated
and measured results, particularly in systems subjected to dynamic loads or wear [1].

The simulation of joints affected by clearance has attracted the interest of the multibody
dynamics community for years, e.g., [2, 3]. A great deal of the effort invested by the re-
search community has been geared towards developing appropriate representations of the
dynamics of mechanical systems affected by this defect. This is a challenging task because
the resulting motion and forces depend on a large number of factors that include the geom-
etry of the joint, clearance size, contact stiffness, link flexibility in the mechanical system,
and the existence and characteristics of friction and lubrication at the contact area.

Clearance size has been identified as a main factor in the dynamic response of systems
affected by the defect. For small defects, it has little impact on the time-history of the over-
all system motion, but introduces important modifications in the accelerations, which stem
from the impact forces between the bodies in contact at the affected joint [4]. It also plays
a critical role in the identification of the stage in which the defect is, because clearances are
often caused by wear, and their size increases over time, as a result of the defective mechani-
cal behavior of the affected system [5, 6]. Larger clearance gaps give rise to greater vibration
responses. In industrial machinery, this is associated with a deterioration of machine perfor-
mance; the increase in the defect size eventually reaches a point in which normal operation
is no longer possible.

Conventional approaches to deal with this joint clearance include reactive and scheduled
maintenance [7]. Reactive approaches consist in repairing the machine when the defect has
already caused a failure that prevents operation. Scheduled maintenance carries out this task
according to a schedule, usually regardless of the internal state of the machine. In contrast to
these solutions, predictive maintenance relies on information from the device to determine
the appropriate time to intervene, decreasing the downtime of the machinery and its asso-
ciated costs. To be effective, predictive maintenance needs accurate data about the machine
status. The monitoring and characterization of clearance size are necessary tools for this.
Often, however, these tasks need to be performed using data from a reduced set of sensors,
which is usually limited because industrial machinery does not include extensive sensor
arrays.

Over the past few years, machine learning (ML) has been proven to be a powerful tool
for fault detection and diagnosis in engineering systems. Unlike model-based techniques
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that rely upon explicit physical equations, ML models are capable of identifying the under-
lying patterns directly from high-dimensional data, especially in the case of complicated and
nonlinear input-output mappings. Numerous ML algorithms, ranging from shallow methods
such as Support Vector Machines [8], Decision Trees [9], and Random Forests (RF) [10],
to deeper architectures such as Neural Networks [11], have been successfully integrated to
detect anomalous behaviors. Shallow algorithms are often used for problems with limited
data or relatively simple relationships, while deep neural networks can capture more com-
plex patterns and handle high-dimensional or sequential data, such as time series sensor
measurements. Besides fault detection, ML algorithms are increasingly integrated into pre-
dictive maintenance and monitoring frameworks, where the objective is not only to detect
faults but also to forecast their progression. For example, Bayesian deep learning models
have been used to predict the remaining useful life of industrial components and parts to
provide uncertainty-based probability predictions in favor of informed maintenance deci-
sions [12]. Additionally, algorithms such as XGBoost and Random Forest can be used in
manufacturing production lines to process real-time [oT sensor readings to detect warning
signs of impending failures [13]. These forecasting attributes allow maintenance work to be
done at the right time, minimize unexpected shutdowns, and improve maintenance schedul-
ing, all factors essential for sustaining the reliability and efficiency of advanced engineering
systems.

The advantages of ML are also recognized and applied in the field of multibody system
dynamics, where traditional modeling can be extremely complex due to nonlinear kine-
matic and kinetic effects, high degrees of freedom, and coupled interactions. Traditional
model-based approaches rely on explicit physical equations that struggle with the highly
nonlinear behavior of certain components, which are difficult to model accurately. The fi-
nite element method is an example. These methods often require simplifying assumptions
or computationally expensive iterative solvers, making them unsuitable for real-time ap-
plications. Various researchers have applied ML algorithms to a variety of tasks, such as
replacing rigid multibody system dynamic simulations [14], longitudinal prediction of ve-
hicle dynamics [15], real-time musculoskeletal prediction [16], or friction force prediction
for hydraulic actuators [17]. Furthermore, data-driven methods are particularly suited for
systems with unknown, impractical, or computationally intractable governing functions, as
shown by their use in soft robotics for modeling the complex, nonlinear behavior of compli-
ant materials [18]. These studies demonstrate that ML can serve as a powerful alternative to
traditional approaches by offering accurate predictions and faster computation without re-
quiring explicit mathematical formulations. Furthermore, ML techniques offer the flexibility
to generalize to new scenarios not explicitly simulated, a capability particularly valuable for
safety-critical, performance-oriented, and industrial applications.

Neural networks have been used in the past in the context of clearance simulation to de-
scribe joint dynamics [19]. Although many research studies have been conducted on joint
clearance, the majority of them focus on modeling techniques [20-22], analyzing the ef-
fects of clearance on revolute and translational joints [23], contact force modeling [24],
wear analysis [25], and dynamic interaction [26]. These approaches provide a foundation
and critical insights into clearance, but are often limited by computationally intensive iter-
ative solvers, resulting in slow computing speed. In addition, since they usually depend on
simplifying assumptions to reduce complexity, the results might be less realistic and dif-
ficult to apply to real-world scenarios. However, despite extensive research on modeling
and analysis, the use of data-driven methods for clearance prediction remains largely unex-
plored. The data-driven approach, which learns the underlying pattern directly from sensor
measurement data, provides the ability to overcome the limitations of traditional physical or
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mathematical-based methods. This helps to reduce the reliance on assumptions and acceler-
ate computation speed. Moreover, this kind of method is suitable for real-time monitoring
and maintenance, where early detection of clearance characteristics is essential in enhancing
the system reliability and preventing unexpected failures.

In this paper, a data-driven approach to determine clearance size in mechanical systems
is proposed. The introduced approach is based on neural networks and was developed with
the purpose of predicting the magnitude of a clearance when its location is known or as-
sumed, using accelerometer data as input. In order to capture the nonlinearity of the sensor
data, several algorithms are used, ranging from shallow ML techniques such as Random
Forest (RF) or Extreme Gradient Boosting (XGBoost), to more complex ones such as Time-
Delay Neural Network (TDNN) and Recurrent Neural Networks (RNNs), including long
short-term memory (LSTM) and gated recurrent unit (GRU). Training data were generated
by means of the forward-dynamics simulation of the motion of a 2D slider-crank mecha-
nism with attached accelerometer sensors. The performance of trained data-driven models
was demonstrated through numerical examples. The main contribution of this paper is deter-
mining the suitability of leveraging ML algorithms to characterize clearances in mechanical
systems directly from sensor readings, assessing the most appropriate methods to deal with
this problem. The impact of the number of sensors and their location on the reliability of the
prediction algorithms developed was also investigated.

2 Numerical model and data production

This work uses synthetic data from a multibody system (MBS) dynamics simulation envi-
ronment to train the neural network. Multibody dynamics is a powerful tool for the analysis
and design of mechanical systems [27], which considers them composed of bodies (rigid
or flexible) connected through joints that allow a certain motion. The effect of clearances
on mechanisms has been an object of study in the multibody community during the last
decades [1]. The approaches to describe the phenomena caused by clearances can be classi-
fied in two categories: penalty methods [28] and non-smooth dynamics [29]. The penalty ap-
proach, often used to address clearance problems, is based on Hertz’s theory of deformable
bodies and assumes very small deformations during contact. Several contact models can
be used with the penalty approach, such as Hunt and Crossley’s [30] and Lankarani and
Nikravesh’s [31].

This work focuses on developing a neural network to extract information about clear-
ances in planar mechanisms from the readings of sensors mounted on the affected device.
Since this study is done in a simulation environment, the multibody model has to include a
contact model to characterize clearances. It should be remarked that the priority of the work
is not to study which contact model is the most accurate. Instead, a model is selected that
can represent the contact dynamics with a certain level of realism. Previous research [32]
confirms that the selection of one or another contact model does not result in critical differ-
ences in the behavior of the studied physical system, although it does cause differences in
the magnitude of the contact force. The Lankarani and Nikravesh contact model [31] was,
accordingly, selected in this study. This contact model computes the contact force as
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where Fly is the contact force in the normal direction of the contact surface, K is the con-
tact stiffness which depends on the contact properties (material, geometry, etc.), e is the
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Fig.1 Slider-crank model
employed in this work with all
the sensors installed. The details
of each sensor are available in
Table 3 (Color figure online)
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Fig.2 Slider acceleration for different clearance sizes in the slider-crank mechanism employed in this work.
The clearance is located in the slider (joint C) and the crank is rotating at a constant speed of 500 rpm (Color
figure online)

coefficient of restitution, § is the relative penetration or indentation between the bodies in
contact, and §) is the initial impact velocity, which remains constant until the contact is
finished and the clearance enters free-flight mode. Further details regarding the calculation
of additional contact parameters can be found in [31, 33].

The test problem under study is a slider-crank mechanism (Fig. 1), used in multiple ma-
chines in industry, which is modeled in this work as a planar linkage. To illustrate the effect
that the clearance has on this type of mechanism, Fig. 2 shows the horizontal acceleration
of the slider under different clearance sizes. It can be seen that the magnitude of the impacts
increases with clearance size, with a strong influence on the acceleration profile of the slider.

The example is modeled using a set of n natural coordinates q related by m kinematic
constraint equations ® = (. The dynamics of the system can be described as

M{+ @1 =Q

®(q,1)=0

(€3
3

where M is the mass matrix of the system, ®, = d®/0q is the Jacobian matrix of the
constraints, A is a set of m Lagrange multipliers, and Q includes the applied forces [34].
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The set of equations described in (2) and (3) is a system of second-order differential-
algebraic equations (DAE). To solve a system of this type, a multibody dynamics formu-
lation is required. In this work, the R-matrix method [34] has been selected. The R-matrix
method defines the following velocity transformation,

=Rz @)

where z stands for a set of independent coordinates, of size equal to the number of degrees
of freedom of the mechanism, and R is the corresponding velocity transformation matrix,
which verifies RT®, = 0. The derivative with respect to time of equation (4) is

i=Ri+Rz 5)
Equation (5) can be substituted in the dynamics equations (2) to obtain
R'MR: = R (Q — MRz) (©6)

which is a system of second-order ordinary differential equations (ODE). Equation (6) can
be integrated by means of conventional numerical formulas. In this work, the semi-implicit
forward-Euler integration formula is used:

Qi = Qi1 + hdg— @)
Qi = Q-1 + hqy (®)

where & is the integration step-size. Since contact problems are stiff, a small integration
step-size is required to deal with them. The numerical experiments conducted in this work
were integrated with a step-size & = 107> s, which delivered a reasonable computational
cost; decreasing the step-size below this value did not result in noticeable modifications in
the computed dynamics. For more precise simulations, e.g., in cases with faster dynamics, it
could be convenient to use a variable-step integration formula, so that the step-size is further
reduced during the impact phase if necessary [33].

In this workcase, the mechanism is considered to have only one clearance at a time,
which can be present between the crank and the connecting rod (point B) or the connecting
rod and the slider (point C). The slider-crank mechanism is moving on a horizontal plane,
without gravity effects, at a constant angular speed of the crank. The total simulated time
is 3 seconds. The simulation starts with O velocity and accelerates until the target velocity
during the first 0.5 seconds. Then, the velocity is controlled by a PID that determines the
required torque in the crank (point A) to keep the speed constant. A total of 1000 datasets
have been generated, each one with different clearance radii and velocities. The clearance
radii were selected following a random distribution between a minimum value of 0 and a
maximum value of 10~> m. The angular velocity of the crank varies from 500 rpm to 1000
rpm, following a random distribution. The initial conditions do not vary between datasets.

The properties of the slider-crank used are summarized in Table 1 and the contact param-
eters are shown in Table 2. Note that the radial clearance is obtained by varying the bearing
diameter and keeping the diameter of the journal constant.

The mechanism can also mount multiple sensors. In this particular case, the use of ac-
celerometers is considered in order to measure accelerations in the longitudinal and perpen-
dicular directions of each element of the mechanism, yielding a total of 10 measurements.
Accelerometers are the most suitable sensor for clearance detection, since the effect of im-
pacts in the joints is most relevant at the acceleration level, as shown in Fig. 2.
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Table 1 Properties of the slider-crank mechanism considered in this work

Mass (kg) Inertia (kg-mz) Length (m)
Bar A-B 0.3 1x1075 0.05
Bar B-C 0.21 25%x 1074 0.12
Slider 0.14 1.05 x 1073 0.015

Table 2 Parameters of the

contact model considered in this Restitution coefficient 0.9

work Young’s modulus 200 GPa
Poisson’s ratio 0.3
Journal radius 0.01 mm

Table 3 List of the acceleration measurements available in the mechanism. The ID corresponds with the
number assigned in Fig. 1

D Body Measurement

1 Crank Acceleration perpendicular to the crank (A)

2 Crank Acceleration in the longitudinal direction of the crank (A)

3 Crank Acceleration perpendicular to the crank (B)

4 Crank Acceleration in the longitudinal direction of the crank (B)

5 Connecting rod Acceleration perpendicular to the connecting rod (B)

6 Connecting rod Acceleration in the longitudinal direction of the connecting rod (B)
7 Connecting rod Acceleration perpendicular to the connecting rod (C)

8 Connecting rod Acceleration in the longitudinal direction of the connecting rod (C)
9 Slider Vertical acceleration of the slider

10 Slider Horizontal acceleration of the slider

3 Prediction models

This section describes not only the shallow machine learning algorithms but also the neural
network models considered and compared in this research. Throughout this section, multi-
variate time-series input data from sensor measurements are assumed

X=[x1,X2,...,X,], ©)]

where x, (t =[1,...,n]) is a vector containing sensor measurements at time ¢. Our goal is
to predict the clearance radius € [0, 1073] m. The challenge here is capturing the nonlinear
relationships between sensor readings and clearance size, requiring methods that can handle
both temporal dependencies and complex feature interactions.

Shallow ML algorithms such as RF and XGBoost were first used as baselines, as they
are widely adopted in fault detection and regression tasks and provide a reference point
for comparison. The study was then extended to the sequence learning approach: TDNN to
handle short-term temporal patterns from sensor data, LSTM, and GRU to capture long-term
nonlinear relationships.
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3.1 Shallow algorithms

Shallow machine learning algorithms, while not able to process complex problems, such
as image or sequence processing, are still used due to their robustness, interpretability, and
effectiveness in small or moderate-sized datasets. Among these, tree-based ensemble tech-
niques are considered to be more advanced and powerful than others and are widely used.
They rely on ensembles of relatively simple decision trees and do not exploit temporal or hi-
erarchical features directly. RF constructs multiple decision trees in parallel using bootstrap
aggregation and combines their outputs through majority voting or averaging, resulting in
reduced variance and improved generalization [35]. To be more specific, RF builds an en-
semble prediction

g
y= E;Ti(x), (10)

where B is the total number of trees, each tree 7; processes the flattened feature vector, in
other words, it is the prediction from the i — th individual decision tree.

Additionally, XGBoost builds trees sequentially using gradient boosting, of which each
new tree corrects the residual errors of the previous ensemble [36]

K
y=) filx), (11)
k=1

where K is the total of boosting trees, fi(x;) is the contribution from the k — th tree to
predicting the i — th sequence.

3.2 Neural networks

Given that the data generated in Sect. 2 is a time series, more complex algorithms should
be considered in order to capture the temporal patterns and map them to clearance sizes.
This is when neural networks, including TDNN, LSTM, and GRU, come in to handle this
phenomenon.

3.2.1 Time-delay neural network

Feed Forward Neural Network (FFNN) is the simplest type of neural network; simply put,
it is the fundamental type of artificial neural network. In this architecture, data moves in
one direction only, from the input layer, through one or many hidden layers, and finally to
the output layer. This one-way flow of information is what gives the network its “feedfor-
ward” characteristic. The structure of these networks is relatively simple, making them a
foundational model for understanding more complex neural network architectures [37].

Time-Delay Neural Network (TDNN) is a specialized version of an FFNN designed to
handle sequential or time series data, originally introduced for modeling temporal depen-
dencies in speech signals. It operates by using a sliding window that scans through the
data, allowing it to detect local patterns and features, regardless of their position in the se-
quence [38].

A key feature of TDNNSs is that the same weights are applied across different time steps
[38]. This weight sharing is similar to the functionality of convolutional filters in a Convo-
lutional Neural Network (CNN) [39], enabling the network to learn a single set of feature
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Hidden layer  Hidden layer

Input layer ' Output layer

’ i

__________

Fig.3 Architecture of a TDNN

detectors that are effective regardless of where the pattern occurs in the input sequence. This
not only reduces the number of parameters to be learned, but also makes the network robust
to temporal translations of the patterns it detects.

In a TDNN, each hidden unit at time ¢ receives inputs not only from the current input
vector X, but also from a fixed number of past input vectors (X,_i, ..., X,—x). The hidden
activation is defined as

K
h, =0 (Z Wix,_i + b) , (12)

k=0

where x, € R? is the input feature vector at time ¢, d = N; is the number of features, K is
the sliding window size, W, € R"*¢ is the learnable weight matrix for time delay k, & is the
number of hidden units, b € R" is the bias, o (-) is the activation function, and the network
outputs a number of values N,.

The output of each hidden neuron is then fed into subsequent layers (Fig. 3), which
integrate the information from multiple time steps to form a more global understanding of
the sequence. This hierarchical processing allows the network to build a representation of
the data that captures both local details and broader temporal context.

3.2.2 Mechanism of an LSTM network

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Networks (RNNs) and
was proposed by [40]. LSTM was designed to overcome long-term dependency problems in
RNNS that are affected by the problems of the vanishing gradient [41].

An LSTM network typically consists of multiple memory cells (one for each time step
in a sequence) within a structure that includes various components to regulate information
flow. Let W,,, U,, b, be trainable parameters, ¢ be the sigmoid activation function, and ©
be elementwise product, for each LSTM unit or cell (Fig. 4a), it consists of the following
key components. The forget gate f, removes unnecessary information received from the cell
state

f, = o (Wex, + Ush,_; + by). 13)
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Fig.4 Comparison of LSTM and
GRU cells (Color figure online)

®

(b) Diagram of a GRU cell.

The input gate i, selects which information is needed to be added to the cell state
¢; = tanh(Wex; + Ugh,_; + bg), (14)
i, = tanh(W;x, + Uih,_; +b;). (15)

The cell state ¢, represents the “memory” of the LSTM, which carries information through
time steps

¢=f0oc_ 1 +i,0¢. (16)
The output gate o, determines which information from the cell state is used as output
0, =0 (Wox; + Ush,_; +b,). a7

Finally, the hidden state h, is the output of each LSTM unit at each time step, derived from
the cell state

h, = o, ® tanh (¢,). (18)
3.2.3 Mechanism of a GRU network

Similar to LSTM, Gated Recurrent Unit (GRU), is an alternative to RNNs and was proposed
by [42]. However, it was designed to be less complex and faster than LSTM.
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Let W,, U,, b, be trainable parameters, o be the sigmoid activation function, and © be
the elementwise product, the main components of a GRU, shown in Fig. 4b are as follows.
The reset gate r, determines how much of the previous information should be forgotten

r,= G(Wrxt + Urht—l + br) (19)

The update gate z, combines the functionality of an LSTM’s forget and input gates, deter-
mining how much of the previous information should be used

2, =0 (W,x;, + Ush,_ +by). (20)

Unlike LSTM, GRU does not have a separate cell state. Instead, the hidden state h, directly
serves as both memory and the output of the unit at each time step. It carries information
forward through time steps, incorporating both new input and relevant past information

h, = tanh(Wp,x; 4+ Uy (r, © h,_;) + by), e2))

h,=(1-2z)0h_; +z Oh,. (22)

4 Numerical experiments
4.1 Data generation and characteristics

The dataset utilized in this study consists of raw time series simulations, each containing
accelerometer readings collected over time. Additionally, they were generated from a high-
fidelity multibody system dynamics environment, as stated in detail in Sect. 2. In these
simulations, clearance is defined as small, non-contacting gaps within a joint, particularly
between the connecting rod and the slider (joint C in Fig. 1), and also explored at joint
B in specific configurations. The presence of clearance leads to characteristic impacts and
vibrations as illustrated in Fig. 2. The simulations recorded accelerometer sensor data across
various operating conditions, specifically varying the clearance size between 0 and 107> m,
and the crank’s angular velocity between 500 and 1000 rpm. This resulted in a total of 1000
unique simulations. Each of them provided 10 raw measurements of acceleration in different
positions and directions of the mechanism (Fig. 1).

4.2 Data preparation and preprocessing

These simulations underwent several preprocessing steps before being used for training. To
focus on the stable operational phase of the mechanism and exclude initial transient behav-
ior, the raw sensor data were initially truncated, with processing beginning from 200 000th
data point among 300000. Subsequently, the data were downsampled by a factor of 10,
meaning that every 10th data point from the truncated series was selected. While this step
fundamentally reduced the computational load for processing large time series datasets, the
main motivation for this specific downsampling factor was its demonstrated important ben-
efit on model performance.

In addition, real-world sensors cannot capture accelerations at 100 kHz. Commercial
sensors, such as [43], can gather measurements up to frequencies of around 10 kHz, which
reinforces the need to downsample the data to get a more realistic operational scenario.
To simulate a real sensor behavior, the downsampling was made by decimating the data
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Fig. 5 Comparison of the acceleration signals measured by sensor 10 during the simulation and the down-
sampled version used in the NN expressed in time-domain and frequency-domain (Color figure online)

and using a lowpass Chebyshev Type I infinite impulse response (IIR) filter of order 8 be-
fore downsampling. This data processing implies the loss of information in the acceleration
measurements.

To assess the effects that downsampling can introduce in the neural network predictions,
the acceleration signals were analyzed in the frequency domain. Fig. 5 shows the time-
domain and frequency-domain representation of the accelerations measured by sensor 10
under three different clearances located in joint C. It can be seen that most of the information
related to the vibrations introduced by the clearance is below 1 kHz. For large clearances,
the time-domain representation shows that the magnitudes of stronger impacts are not fully
captured after downsampling the data. These impacts are also seen in the FFT as components
of the acceleration at high frequencies, which are not captured after downsampling the data.

A more quantitative point of view can be obtained by calculating the frequency at which
the 99% of the signal bandwidth is occupied (Fig. 6). This is done by computing a pe-
riodogram power spectral density. The occupied bandwidth is the difference in frequency
between the point where the integrated power crosses 0.5% and 99.5% of the total power in
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Fig.6 Occupied bandwidth of 99% for the signals shown in Fig. 5. The blue zone represents the area where
the 99% of the bandwidth is contained (Color figure online)

the spectrum. To focus the analysis on the vibration effects, frequencies below 50 Hz were
removed, allowing for the capture only of the accelerations derived from the presence of
clearances. For low- and medium-size clearances, a sampling frequency between 1 kHz and
2 kHz would be enough for capturing almost all the information of the vibrations. For large
clearances, close to 20 kHz is required. This, in concordance with the comparison made in
Fig. 5, indicates that less accuracy when estimating large clearances is expected.

Then, feature selection was performed. Distinct accelerometer measurements from Ta-
ble 3 were used as input for the models. Depending on the considered measurements, dif-
ferent cases are observed and their performances are shown in Sect. 5. Each input sequence
to the models had a fixed length of 200 steps. This means that, for each prediction, the
model considered 200 consecutive downsampled time steps of sensor readings. This se-
quence length was determined during preliminary experiments. A shorter sequence length,
such as 100, was found to result in degraded model performance. The 200-time-step win-
dow, on the other hand, allowed the models to effectively learn the temporal patterns. A total
of 10000 data points will be obtained if a simulation with 100000 data points is downsam-
pled by a factor of 10. By sliding a window of 200 time steps across this data, the models
can produce multiple predictions. In particular, the number of predictions per simulation is

% = 50. Additionally, if d denotes the number of sensors used, the input data in Equa-
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Table 4 Hyperparameter

configuration of shallow models RF XGBoost
Number of trees 100 300
Max depth 20 20
Learning rate - 0.01
tion (9) is
d
X =[x, X2, ..., X200 x; € RY. (23)

The clearance under investigation is specifically located between the connecting rod and
the slider (joint C in Fig. 1). For each experimental run, acceleration measurements, as
detailed in Table 3, were continuously collected. From this comprehensive set of sensors,
different measurements from Table 3 were specifically selected to serve as inputs to our
models. It is important to note that the data was generated from the environment simulation
as described in Sect. 2, where only accelerometers were installed and their readings recorded
as output. Therefore, this study focuses on clearance detection utilizing this specific sensor
modality.

The entire dataset was randomly split on the simulation level into training, validation,
and testing sets with proportions of 70%, 15%, and 15%, respectively, using three different
random seeds (42, 98, and 1024) to ensure that the models’ performance is not dependent
on a specific data distribution. Finally, normalization was applied. All input features were
normalized using StandardScaler fitted exclusively on the training data. This ensures that
the mean of the training data is O and the standard deviation is 1, preventing features with
larger scales from dominating the learning process. The same scaler was then applied to the
validation and test sets. The target labels, or clearance sizes, were scaled using a MinMaxS-
caler, also fitted only on the training labels. This transforms the labels to a range between 0
and 1, which can improve training stability. The inverse transform was applied to predictions
for evaluation in the original scale.

4.3 Shallow models

To provide baselines and offer a comparative perspective on the efficiency of different model
complexities, shallow machine learning algorithms, including RF and XGBoost, were used.
They are widely recognized for their simplicity, interpretability, and computational effi-
ciency, especially when compared to more complex recurrent neural networks designed for
temporal data. For these shallow models, the input, which consists of 200 timesteps across
selected accelerometer measurements, was flattened into a single, high-dimensional feature
vector. For instance, if four measurement signals were used, each data point became an 800-
element vector (200 timesteps * 4 signals). This flattening process, although it helped to
convert the data into a suitable format for RF and XGBoost, discarded the explicit tempo-
ral dependencies and sequential order within the sensor readings. Models were then tasked
with patterns from these concatenated features without knowledge of their original temporal
relationship.

The implementation was based on scikit-1learn and XGBoost libraries. Regarding
hyperparameters, as detailed in Table 4, the RF model included 100 decision trees, each
limited to the maximum depth of 20 to control model complexity. In addition, the XG-
Boost model used the same number of input features as the RF one. The model was trained
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with 300 boosting rounds, with each tree constrained to a maximum depth of 20 for reg-
ularization. A learning rate of 0.01 was applied to control gradient updates. These choices
were made to ensure robust baseline performance without extensive optimization, reflecting
a focus on comparing architecture paradigms rather than achieving peak performance for
shallow models.

4.4 Neural network architectures

Our neural network models, including TDNN, LSTM, and GRU architectures, were trained
to predict clearance size from time series sensor data. The architectures were implemented in
Pytorch with the size of input depending on the number of selected accelerometer features.
The layers used a hidden size of 256. For depth, all three models consisted of three stacked
layers.

4.4.1 Training process

The models were trained using PyTorch on available GPU hardware if present, otherwise
on the CPU. Training was performed with Adam optimizer [44], chosen for its adaptive
learning rate capabilities and proven effectiveness in optimizing deep neural networks. A
learning rate of 0.0001 was used, a common starting point for Adam. The Mean Squared
Error (MSE) loss function was chosen as the criterion for training, which is standard for
regression tasks. MSE is particularly suitable here as it strongly penalizes larger prediction
errors, which is critical for accurately predicting clearance size. During training, data were
processed in batches of 64 samples, and each model was trained for a maximum of 200
epochs. It allowed for effective parallel processing on the GPU hardware, hence accelerating
training iterations. To improve training stability and prevent exploding gradients, gradient
clipping with a maximum norm of 10 was applied during backpropagation for both LSTM
and GRU models. Additionally, to optimize training time, an early stopping mechanism was
implemented, terminating training if the validation loss did not improve for 20 consecutive
epochs.

The training environment was strictly controlled to ensure full reproducibility across
all experiments. Global seeds were set using random.seed (SEED), numpy.ran-
dom. seed (SEED), and torch.manual seed (SEED) before any random operations,
including data splitting, weight initialization, and batch shuffling. To guarantee determin-
istic behavior on the GPUs, CUDA determinism was enforced by setting torch.back-
ends.cudnn.deterministic = Trueand torch.backends.cudnn.bench-
mark = False. Furthermore, the Pytorch Dataloader utilized the global RNG to ensure
consistent shuffling reproducibility.

Regarding the checkpoint strategy, the model weights from the best epoch were restored
for final evaluation to ensure the models were compared at their peak performance.

4.4.2 Sequence modeling architectures

The TDNN takes a different approach by treating the sensor sequences as signals to be
analyzed using convolutional operations; in other words, the TDNN applies 1-dimensional
convolutions across the temporal dimension. The input data maintains the same structure of
200 timesteps with a specific number of sensor readings per step. The architecture consists
of three convolutional layers, each with 256 filters and a sliding window with a size of 5,
which slides across the time series to detect local temporal patterns. Each convolutional layer
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is followed by a rectified linear unit (ReL.U) activation function [45] to introduce nonlinear-
ity. After the convolutional processing, three different aggregation strategies were evaluated:
flattening, global average pooling, and global max pooling. TDNN with flattening approach
concatenates all feature channels across the temporal dimension and processes them through
two fully connected layers (512 neurons with ReL U, then output with sigmoid). Addition-
ally, the global max pooling approach extracts the maximum activation across time for each
of the 256 channels, while the global average pooling approach computes the mean activa-
tion across time for each channel. The pooling variants use a single fully connected layer
with sigmoid activation for the final prediction. Each strategy was evaluated to determine
the optimal architecture, as detailed in Sect. 5.

In both the LSTM and GRU models, the input data consists of sequences of sensor data
readings taken over time. Each sequence is made up of 200 timesteps, and at each step, the
system records a number of different acceleration measurements. Rather than processing
one sequence at a time, the model is trained using batches of 64 sequences to make training
more efficient. Both of these models then read through each sequence step by step, from the
beginning to the end, building an internal memory of the temporal patterns. In the LSTM
model, this internal memory uses two stacked layers of 256 neurons each, with separate
cell states for long-term memory and hidden states for short-term focus. Additionally, GRU
simplifies this architecture by using three layers of 256 neurons with a single hidden state
that continuously updates. After processing all 200 timesteps, both models extract the final
hidden state as a 256-dimensional summary vector, which is then passed through a fully
connected layer to predict the clearance size.

4.5 Evaluation process

To ensure a fair and consistent comparison, a unified evaluation process was applied to
both shallow and neural network models. After the training phases, the performance of each
model was tested on the unseen data, comprising 15% of the total generated data. For every
sample in the test set, regardless of the model type, the preprocessed sensor data were fed as
input. Each model then produced a single predicted output value, representing its estimation
of the clearance radius. This predicted clearance value was directly compared against the
known true clearance size for that specific simulation.

The accuracy of these estimations was quantified by directly comparing the predicted
values with the actual clearance values using standard metrics. These metrics provide a thor-
ough evaluation of prediction accuracy, Mean Absolute Error (MAE) quantifies the average
magnitude of errors, and Root Mean Squared Error (RMSE) provides the square root of the
average squared errors. The selection of metrics allowed for a proper observation and under-
standing of model performance. However, since the clearance sizes are significantly small
(in the range of 0 and 103 m), it would be difficult to interpret. Instead, normalized MAE
(NMAE) and normalized RMSE (NRMSE) by range were used in order to provide mea-
sures of the error relative to the total clearance change, thus improving the interpretability
of model performance.

N A
N 15— MAE
MAE = Zi=t B =il g - MAE 0%, (24)
N Ymax — Ymin
N & —y)? RMSE
RMSE = | 2=t =90%  pvisp = RMSE 009, (25)
N Ymax — Ymin
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To assess the distribution and robustness of prediction errors, two additional metrics were
integrated. Median Absolute Error (Median AE) provides a measure of typical error that is
robust to outliers, representing the middle value of all absolute errors. The 95th Percentile
Absolute Error (95th PAE) indicates the worst-case error for 95% of predictions, effectively
characterizing the upper bound of error distribution while excluding extreme outliers:

Median AE = median(|3; — vi|), (26)
95th PAE = Pos(|9; — yil). 27

where Pys denotes the 95th percentile operator.

Furthermore, to assess model robustness against different initialization conditions, all
three models were each evaluated across three different train-validation-test splits (42, 98,
and 1024) and 10 different weight initializations per split (42, 98, 123, 456, 789, 1024, 2048,
4096, 8192, 9999). This resulted in 30 training runs per model. For each model, performance
metrics were aggregated across these 30 runs and reported as mean + standard deviation.
Additionally, 95% confidence intervals (95% CI) were computed to provide a range estimate
of the true mean performance with 95% confidence. Statistical significance between models
was assessed using paired t-tests with a significance level of o« = 0.01.

4.6 Cross-model validation with perturbed data

To perform cross-model validation, the trained models were evaluated on perturbed test data,
including errors in parameters whose value is uncertain, such as those used in the contact
model. These perturbations simulate variations in the physical system’s behavior and mod-
eling choices, testing whether the trained neural networks can generalize beyond the spe-
cific simulation conditions used during training. The same evaluation metrics described in
Sect. 4.5 were applied to assess the model’s performance under each perturbation scenario.

Five different perturbations were introduced, and new sets of 165 simulations were exe-
cuted with random error level for validation purposes. First, regarding the restitution coeffi-
cient e (Equation (1)), which is common to most of the Hertzian contact models and directly
affects contact damping, a level of uncertainty is expected as its value is case-specific. While
training data were generated with a restitution coefficient of 0.9, an error of +10% and -20%
was introduced for the new validation set to avoid exceeding the upper limit value of 1.
Second, the contact stiffness K (Equation (1)) was addressed. Since the contact force is
proportional to this value, and its computation depends on multiple parameters, an error in
between -20% and +20% was introduced to generate a new validation set. Third, the choice
of contact model was considered, as different Hertzian contact models can result in vary-
ing force magnitudes that affect contact dynamics [32]. To cover this uncertainty, the Hunt
and Crossley model [30] was selected to generate an additional validation set. Furthermore,
zero-mean Gaussian noise (« = 1% of sensor signal standard deviation) was added to the test
sensor data in original physical units before rescaling. This simulates realistic measurement
uncertainties while maintaining consistency with the training data normalization. Finally, a
consolidated validation data set was generated, including all described perturbations, with
the exception of noise.

5 Results

This section presents results from different shallow machine learning and neural network
models. All experiments were performed on a workstation featuring two AMD EPYC 7713
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Table 5 Performance metrics of shallow machine learning models at joint C

Model NMAE (%) NRMSE (%) Training time (s) Evaluation time (s)
RF 6.19% 8.82% 55.03 0.15
XGBoost 9.3% 11.94% 49.88 0.01

64-Core Processors, 512 GB of RAM, and two NVIDIA A100 80 GB PCle GPUs. The
computational environment was built on Python 3.10.12, utilizing PyTorch 2.5.1 and CUDA
12.8.

To ensure robust evaluation and account for both data-dependent and initialization-
dependent variability, each deep learning model was evaluated across 30 independent runs
following the methodology described in 4.5. For visual presentation of representative pre-
dictions, the splitting seed was set to 98, and the weight initialization seed was set to 42 to
ensure reproducibility throughout this section.

5.1 Models evaluation with baseline sensor configuration

In this specific case, 4 acceleration measurements with IDs 5, 6, 7, and 8 from Table 3
were chosen as inputs while the clearance was located between the slider and connecting
rod (joint C in Fig. 1) for all models. This selection served as a starting point for assessing
all models’ performance, with a more comprehensive sensor sensitivity analysis conducted
in Sect. 5.4 to investigate the impact of various sensor configurations and identify optimal
sensor sets.

5.1.1 Shallow machine learning models

Starting with shallow machine learning models by implementing RF and XGBoost as initial
approaches, baseline performance benchmarks were quickly established. From a compu-
tational perspective, these shallow models enabled rapid prototyping and experimentation
with minimal cost, as can be seen in Table 5. In addition, as shown in Figs. 7a and 7b, al-
though RF and XGBoost models can capture the overall trend of the predictions, they still
fail to provide sufficiently accurate results.

Furthermore, in both Figs. 7a and 7b, there are noticeable deviations from actual values,
especially at higher clearance sizes. This is as expected since these shallow algorithms do not
have the ability to handle the temporal data as efficiently as the neural network ones. Instead,
they process flattened feature vectors, thereby losing explicit temporal dependencies.

5.1.2 Deep learning models

For deep learning models, three architectures were evaluated: TDNN, LSTM, and GRU.

Prior to comparative analysis, three TDNN variants with different aggregation strategies
were investigated: concatenating all time-step features (flattening), global max pooling, and
global average pooling. Each TDNN variant was trained across 30 independent runs. The
flattening strategy achieved the best overall performance with NMAE of 1.42 4 0.14% and
NRMSE of 2.15 + 0.23%. In comparison, TDNN with global max pooling yielded NMAE
of 1.62 £ 0.33% and NRMSE of 2.42 + 0.41%, while global average pooling resulted in
NMAE of 2.39 4 0.45% and NRMSE of 3.33 & 0.53%. Subsequently, only the flattening-
based TDNN is reported in the comparative analysis.
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Fig.7 Comparison of RF and XGBoost model performances (Color figure online)

Table 6 Performance metrics of deep learning models at joint C

Model NMAE (%) NRMSE (%) Training time (s) Evaluation time (s)
TDNN 1.43+0.19 2.19+0.27 259.47 +48.53 0.19 +£0.001
LSTM 0.49+0.14 0.80£0.19 1369 + 380.6 0.89 +0.02

GRU 0.47£0.18 0.74 £0.26 1439.3 £372 0.89 +£0.05

As can be seen from Table 6, the performance evaluation across 30 runs revealed that
LSTM and GRU achieved comparable results with no statistically significant difference
(paired t-test, p > 0.01 for all metrics). Specifically, LSTM achieved an NMAE of 0.49 +
0.14% (95% CI: [0.44%, 0.54%]) and NRMSE of 0.8 +0.19% (95% CI: [0.73%, 0.87%]),
while GRU obtained an NMAE of 0.47 £ 0.18% (95% CI: [0.4%, 0.54%]) and NRMSE of
0.74 £ 0.26% (95% CI: [0.64%, 0.84%]). GRU demonstrated marginally lower error met-
rics, though the difference was not statistically significant. In contrast, TDNN with flattening
showed higher errors with NMAE of 1.43 £0.19% (95% CI: [1.36%, 1.5%]) and NRMSE
of 2.19 + 0.27% (95% CI: [2.09%, 2.29%]), which were statistically significantly worse
than both LSTM and GRU (paired t-test, p < 0.001). However, TDNN offered a consid-
erable computational advantage, with an average training time of 259.47 & 48.53 seconds
and evaluation time of 0.19 £ 0.001 seconds, compared to LSTM (1369.03 =+ 380.6 sec-
onds training, 0.89 &+ 0.02 seconds evaluation) and GRU (1439.3 £ 372 seconds training,
0.8940.05 seconds evaluation). This represents approximately an 81% reduction in training
time and 78% reduction in evaluation time.

Figure 8 shows representative predictions from a single run (data split seed 98, weight
initialization seed 42) for each neural network architecture, demonstrating typical prediction
quality.

Both LSTM and GRU models deliver precise and stable predictions, characterized by the
tightest fit to actual values with minimal visible noise for larger clearances. Additionally,
TDNN successfully captures the overall trend but shows higher variance, indicating less re-
fined individual data point estimations. This is understandable since GRU and LSTM models
capture long-term dependencies using memory cells and gates, while TDNN’s convolutional
approach for local patterns is effective but may not capture global temporal context as effec-
tively as RNNs.
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Fig.8 Performance comparison between true and predicted clearance values of neural network models using
4 sensors with clearance in joint C: (a) TDNN, (b) LSTM, and (c) GRU (Color figure online)

From a qualitative point of view, the effect that the reference clearance size has on the
estimations is also interesting: the noise in the estimations increases with the clearance size.
According to [2], when the radial clearance increases, the number of impacts and the max-
imum impact acceleration increase as well. The motion inside the clearance becomes more
chaotic and unpredictable. However, when the clearance size is reduced, the dynamics are
smoother since the journal and the bearing are in contact for longer periods of time. This,
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Table 7 Model performance across perturbation scenarios

Model Metric Base Restit. Stiff. Hunt-C All Noise

LSTM NMAE (%) 049+0.14 0.55+0.16 049+0.15 0.54+0.16 0.51+0.15 0.5+£0.14
NRMSE (%) 0.8+0.19 1.48£0.44 0954+0.36 1.07£0.32 0.84+0.19 0.82+£0.18
Med. AE (um) 3.43+£1.23 37613 3.52+1.28 3.82%£135 3.56+£1.28 3.49%12
95% PAE (um) 13.6 £3.75 143 £4.17 12.924+3.86 14.38 £4.35 13.78 +4.17 14.1£3.57

GRU NMAE (%) 0.47+£0.18 0.54+0.21 047+0.19 0.52+0.21 049+0.2 0.49+0.18
NRMSE (%) 0.74+0.26 1.44£0.43 0.93+0.38 0.97+£0.37 0.794+0.26 0.77£0.25
Med. AE (um) 3.28+1.49 3.66+1.81 336+1.58 3.68+18 347+1.68 3.4+£1.45
95% PAE (um) 13.1+£5.03 13.96 £5.37 12.79+£5.08 13.86 £5.35 13.56+5.49 13.9+£4.94

TDNN NMAE (%) 1.434+0.19 1.61£0.17 1.424+0.17 1.64£0.17 1.484+0.16 1.43+£0.19
NRMSE (%) 2.19+£0.27 3.21£0.15 2414+02 2.86+0.17 2214+0.17 2.19+£0.27
Med. AE (um) 9.55+1.52 10.5+1.52 9.67+1.58 11+1.61 10.32+£1.49 9.56 £1.53
95% PAE (um) 42.6 £4.99 46.09 +3.85 40.68 +3.81 47.14 £3.64 42.6 3.6 42.77£5.02

together with the effects of the sensors’ downsampling explained in Sect. 4.2, explains why
the method provides lower accuracy when the mechanism presents large clearances.

5.2 Evaluating models’ performance with perturbed data

To assess the robustness and generalization capability of the trained models in Sect. 5.1
beyond the original training conditions, a comprehensive cross-model validation was per-
formed. This evaluation tested the models’ ability to maintain accurate predictions when the
underlying physical parameters and sensor measurements deviated from the nominal train-
ing conditions. Five perturbation scenarios and a combined scenario incorporating all pertur-
bation types simultaneously (excluding noise) were investigated as mentioned in Sect. 4.6.
Each perturbation scenario was applied to three different data splits, and the previously
trained models from ten weight initialization seeds were evaluated on each perturbed test
set, resulting in 30 independent evaluations per model per scenario. Table 7 summarizes the
performance metrics across all perturbation scenarios established in Sect. 4.6: ‘Base’ repre-
sents the nominal training results from Sect. 5.1; ‘Restit.’, ‘Stiff.”, and ‘Hunt-C’ correspond
to the variations in restitution coefficient, contact stiffness, and contact model choice, re-
spectively; ‘All’ denotes the consolidated set of physical perturbations; and ‘Noise’ refers to
the addition of Gaussian sensor noise.

Comparing perturbed performance to the baseline results in Sect. 5.1, all models main-
tained relatively stable predictions under perturbations. LSTM and GRU demonstrated ro-
bust performance across all perturbation scenarios, with NMAE remaining close to base-
line values (LSTM baseline: 0.49%; GRU baseline: 0.47%) and maintaining NMAE below
0.6% (95% CI: [0.45%, 0.56%] for LSTM; [0.42%, 0.56%] for GRU), even under combined
perturbations. Both recurrent models showed comparable robustness across scenarios, with
Median AE consistently below 4um and 95th Percentile AE below 15um, indicating that
typical errors remain small. The restitution coefficient perturbation caused the largest per-
formance degradation, with NRMSE increasing from baseline 0.8% to 1.48% for LSTM and
from 0.74% to 1.44% for GRU. In contrast, stiffness variation and Gaussian noise perturba-
tions had minimal impact, with performance nearly matching baseline levels.
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Table 8 Performance metrics of models at joint B

Model NMAE (%) NRMSE (%) Training time (s) Eval. time (s)
TDNN 1.12+0.14 1.62+0.16 310.03 £80.12 0.19 £ 0.002
LSTM 0.38 £0.13 0.59 £0.17 1511.79 £ 320.45 0.90 +£0.02
GRU 0.44 £0.12 0.64 £0.16 1380.01 £299.24 0.92 +£0.09

In contrast, TDNN experienced substantially higher errors across all scenarios, with
NMAE ranging from 1.42% to 1.64% and NRMSE ranging from 2.19% to 3.21%. The 95th
Percentile AE for TDNN ranged from 40.68 to 47.14m, showing that even the worst-case
predictions have significantly larger deviations.

5.3 Evaluating model performance for different clearance locations

The performance of the methods was also evaluated when the clearance was located at joint
B in Fig. 1. For this particular case, the same four accelerometer sensors as in Sect. 5.1 (ID
5, 6, 7, and 8) were used. The three models, TDNN, LSTM, and GRU, were assessed with
the same 30-run cross-validation methodology. Table 8 represents performance statistics for
each model at joint B.

Similar to Sect. 5.1, statistical comparisons were performed using a paired t-test with
a significant level of @ = 0.01. LSTM achieved an NMAE of 0.38 &+ 0.13% (95% CI:
[0.33%, 0.43%]) and NRMSE of 0.59 + 0.17 (95% CI: [0.52%, 0.65%]), while GRU ob-
tained an NMAE of 0.44 £ 0.12% (95% CI: [0.39%, 0.48%]) and NRMSE of 0.64 +0.16
(95% CI: [0.58%, 0.67%]). LSTM and GRU demonstrated comparable performance, with
no statistically significant difference for primary metrics (NMAE: p = 0.043; NRMSE:
p = 0.209). Moreover, both LSTM and GRU significantly outperformed TDNN (mean
NMAE: 1.12 £ 0.14%, 95% CI: [1.07%, 1.18%]; mean NRMSE: 1.62 + 0.16%, 95% CI:
[1.57%, 1.68%]) with p < 0.001 for all metrics.

Comparing joint B results to the baseline (joint C), a notable performance was observed.
At joint B, the LSTM model achieved a slightly lower NMAE (0.38%), compared to the
GRU one (0.44%), whereas at joint C, GRU demonstrated a slightly better performance
(NMAE: 0.47% vs LSTM: 0.49%). This location-dependent performance suggests that dif-
ferent joints exhibit distinct vibrational characteristics. Joint B’s dynamics may favor the
LSTM model’s more complex gating mechanism for capturing long-term dependencies,
while joint C’s patterns are better suited to the GRU model’s architecture. Additionally,
all three models achieved substantially better performance at joint B compared to joint C.

Figure 9 shows representative predictions from a single run (data split seed 98, weight
initialization seed 42) for each model at joint B.

5.4 Evaluation of different sensor configurations

In industrial applications, it is important to provide solutions that are as unintrusive as pos-
sible and at a lower cost. Hence, it is of interest to find the minimal set of sensors required
to predict accurate values of the clearance size.

In this work, a total of 10 acceleration measurements are considered, offering informa-
tion of acceleration in different positions and directions of the mechanism. In order to find
a reduced set of sensors, a sensitivity analysis was performed based on the LSTM network,
with the same hyperparameters and clearance location presented in Sect. 5.1. Starting with
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Fig. 9 Performance comparison between true and predicted clearance sizes for neural network models at
joint B using the 4-sensor configuration: (a) TDNN, (b) LSTM, and (c) GRU (Color figure online)

the full set of accelerometers, various tests were executed in which the number of measure-
ments was reduced across five configurations: 10 sensors distributed across all components,
8 sensors (excluding slider), 6 sensors (excluding crank), 6 sensors (excluding connecting
rod), and 4 sensors on crank only.

For the analysis, a limited evaluation with three runs (data split seed 42, 98, and 1024,
weight initialization seed 42) was performed for each configuration due to computational
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Table9 Performance metrics for different sensor configurations at joint C

Configuration Model NMAE (%) NRMSE (%) Train (s) Eval (s)

Baseline: 4 sensors (rod) LSTM  0.39+£0.16 0.67+0.11 1640.03 £363.26  0.89+0.01
GRU 0.59+0.28 0.84£0.28 1457.04 £522.17  0.88 +£0.05

10 sensors (all) LSTM  0.514+0.15 0.77+0.21 992.47 £294.44 0.81 £0.01
GRU 045+£0.10 0.75+£0.02 900.62 £ 324.64 0.80£0.001
8 sensors (no slider) LSTM  0.45£0.09 0.77 £0.07 1033.55 £267.07 0.79 £0.01
GRU 0.40£0.08 0.70£0.11 1051.64 £314.02  0.78 £0.001
6 sensors (no crank) LSTM  0.404+0.07 0.64+0.16 1257.46 £384.28  0.78 +£0.003
GRU 0.40£0.10 0.67£0.22 1254.95+414.13  0.76 +0.01
6 sensors (no rod) LSTM  0.42+0.04  0.64+0.07 1604.96 £522.87  0.87+0.17
GRU 046+£0.24 0.71+£0.33 1060.28 £365.53  0.77 +£0.001
4 sensors (crank only) LSTM  0.63£0.21 1.30 £ 0.65 1337.83£979.32  0.75+0.01

GRU 047+0.11 0.87£0.17 1410.01 £280.89  0.75+0.01

constraints. For fair comparison, the baseline 4-sensor configuration (sensors on connecting
rod only) was evaluated using the same three runs extracted from the comprehensive 30-run
evaluation reported in Sect. 5.1. While this provides initial insights into sensor configuration
effects, the reduced sample size results in higher uncertainty compared to the 30-run baseline
statistics.

Table 9 presents the performance statistics for each sensor configuration. The baseline 4-
sensor configuration achieved NMAE of 0.39+0.36% for LSTM and 0.59+0.28% for GRU
across the three selected runs. Additionally, the GRU baseline shows higher variability due
to one challenging data split (seed 1024: 0.91% NMAE), while the other two splits achieved
typical performance (seed 42 and 98: 0.41-0.45% NMAE). In contrast, LSTM demonstrated
more consistent performance across all three data splits.

The results, summarized in Table 9, show that the accuracy of clearance size estimation
is dependent on sensors installed near the clearance location. For both the LSTM and GRU
models, the 6-sensor configuration excluding crank sensors achieved the best performance
(NMAE: 0.40 £ 0.07% for LSTM; 0.40 = 0.10% for GRU), performing comparably to the
baseline 4-sensor configuration. The §-sensor configuration (excluding slider) also showed
strong performance, with GRU achieving NMAE of 0.40 = 0.08%. The worst-case scenario
occurred when sensors were only installed on the crank (NMAE: 0.63 £ 0.21% for LSTM;
0.47 £0.11% for GRU), which is consistent with the fact that these measurements are far
from the joint affected by the clearance. Interestingly, the 10-sensor configuration using all
available measurements did not yield the best performance, with LSTM achieving NMAE
of 0.51 £0.15% and GRU achieving 0.45 £ 0.10%. This suggests that additional sensors
distant from the clearance location may introduce noise rather than useful information.

When the accelerations in the connecting rod or slider are measured, almost any config-
uration yields accurate estimations. However, given the limited sample size, these should be
interpreted cautiously, and further validation with additional runs would be needed.
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6 Conclusions

Joint clearance is unavoidable in machines and mechanisms due to manufacturing toler-
ances, wear, and assembly imperfections, and it can strongly affect dynamic response and
fault-critical behavior. This work investigated the data-driven estimation of clearance size in
a slider—crank mechanism using simulated acceleration measurements from a small number
of accelerometers placed at selected locations.

We compared classical machine learning models (RF, XGBoost) with deep neural net-
works (TDNN, GRU, and LSTM). The results show that deep neural networks substantially
improve clearance size estimation compared to classical models. In the four-sensor con-
figuration with accelerometers mounted on the connecting rod, the normalized mean ab-
solute error decreased from 9.3% for XGBoost to 0.49 4= 0.14% for the LSTM model and
0.47£0.18% for GRU across 30 independent runs, while the evaluation time increased from
0.01 s to approximately 0.9 s for both models. This indicates that the additional computa-
tional cost of deep learning remains acceptable for diagnostic applications, while yielding
an order-of-magnitude gain in accuracy. Moreover, among deep architectures evaluated at
the baseline clearance location (joint C), LSTM and GRU demonstrated comparable perfor-
mance with no statistically significant difference in primary metrics (paired t-test, p > 0.01),
both substantially outperforming TDNN (NMAE: 1.43 + 0.19%; NRMSE: 2.19 + 0.27%;
p < 0.001). However, TDNN offered a computational advantage with approximately 81%
reduction in training time, though at the cost of lower accuracy. Cross-model validation
demonstrated robust performance across various perturbation scenarios, with both LSTM
and GRU maintaining NMAE below 0.6%, confirming the models’ generalization capability
beyond nominal training conditions. Preliminary exploration of different sensor configura-
tions, which was evaluated with limited experiments, suggested that strategic sensor place-
ment is more critical than sensor quantity. However, these results are based on limited runs
and require further investigation with larger sample sizes to establish statistical significance
and confirm optimal sensor placement strategies.

The main limitation of this study is that the models were trained and validated solely on
simulated data for a single mechanism and a specific clearance location. Although realistic
modeling assumptions and sensor characteristics were employed, experimental validation
on a physical test rig is essential to assess robustness to measurement noise, modeling un-
certainties, and varying operating conditions. In addition, validation against experimental
data will involve a model characterization, which may include the modeling of spatial clear-
ances instead of planar ones. Future work will therefore focus on experimental studies and
integration of the proposed models into online monitoring and digital-twin frameworks for
fault diagnostics.

In summary, the study demonstrates that deep learning models, and in particular LSTM
and GRU networks, can provide accurate and practically feasible clearance size detection
from acceleration measurements, offering a strong alternative to traditional analytical and
classical machine learning approaches in joint fault diagnostics.
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