
Citation: Koutsoupakis, J.;

Giagopoulos, D. Drivetrain Response

Prediction Using AI-Based Surrogate

and Multibody Dynamics Model.

Machines 2023, 11, 514.

https://doi.org/10.3390/

machines11050514

Academic Editor: Davide Astolfi

Received: 24 March 2023

Revised: 19 April 2023

Accepted: 24 April 2023

Published: 28 April 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

machines

Article

Drivetrain Response Prediction Using AI-Based Surrogate and
Multibody Dynamics Model
Josef Koutsoupakis and Dimitrios Giagopoulos *

School of Mechanical Engineering, Aristotle University of Thessaloniki, 54124 Thessaloniki, Greece;
jkoutsoup@meng.auth.gr
* Correspondence: dgiagopoulos@auth.gr

Abstract: Numerical models, such as multibody dynamics ones, are broadly used in various en-
gineering applications, either as an integral part of the preliminary design of a product or simply
to analyze its behavior. Aiming to increase the accuracy and potential of these models, complex
mechanisms are constantly being added to existing methods of simulation, leading to powerful
modelling frameworks that are able to simulate most mechanical systems. This increase in accuracy
and flexibility, however, comes at a great computational cost. To mitigate the issue of high com-
putation times, surrogates, such as reduced order models, have traditionally been used as cheaper
alternatives, allowing for much faster simulations at the cost of introducing some error to the overall
process. More recently, advancements in Artificial Intelligence have also allowed for the introduction
of Artificial Intelligence-based models in the field of surrogates. While still undergoing development,
these Artificial Intelligence based methodologies seem to be a potentially good alternative to the
high-fidelity/burden models. To this end, an Artificial Intelligence-based surrogate comprised of
Artificial Neural Networks as a means of predicting the response of dynamic mechanical systems
is presented in this work, with application to a non-linear experimental gear drivetrain. The model
utilizes Recurrent Neural Networks to accurately capture the system’s response and is shown to yield
accurate results, especially in the feature space. This methodology can provide an alternative to the
traditional model surrogates and find application in multiple fields such as system optimization or
data mining.

Keywords: recurrent neural network; multibody dynamics; gear drivetrain; contact mechanics;
model surrogates

1. Introduction

The analysis of mechanical systems has always been an integral part of the design
process for engineering applications. While initially carried out on paper, advancements
in computer science made it possible for the development of powerful numerical models
of machines, enabling the simulation of their operation and estimating their response
before their actual manufacture. The obvious advantage of these models is the significant
reduction of costs due to the reduced needs for prototyping and experimenting with a
physical set-up. Regardless of the developments in computers, however, the simultaneous
advancement of the numerical simulation methods to more complex and sophisticated
ones, allowing for detailed and highly accurate simulations of a system, has also led to
increasingly costly models in terms of the amount of computations necessary.

Aiming to reduce this increasing cost, surrogate models of various means have been
developed throughout the years, with the most recent additions including the use of
Artificial Intelligence (AI) methods such as Artificial Neural Networks (ANNs) [1–6].
These models allow for admirable reductions in the simulation times necessary while also
maintaining the high level of fidelity required from a numerical model for it to be useful
for further analysis.
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While ANNs have proven to be universal approximators, selecting the AI algorithm
most suitable for each application is a crucial task. ANNs in general are considered
“naïve” in the sense that, while capable of approximating the mapping between inputs and
outputs, they are unaware of the underlying mechanics of each problem and the potential
interdependencies of the data, such as continuity when predicting a mechanical system’s
response in the time domain. To include this temporal dynamic behavior of time series data,
Recurrent Neural Networks (RNNs), a subclass of ANNs, were examined as a surrogate
for mechanical models in various applications [1,3,7]. The main feature of RNNs is the
retainment of previous information as a means of forecasting future values in sequential
data such as time series. Ye et al. [1] and Han et al. [3] demonstrated the potential of RNNs
in accurately predicting the responses in vehicle-track systems. Singh et al. [8] successfully
utilized a RNN in predicting rail-wheel contact parameters for a vehicle system. Greve
et al. [7] examined the capacity of RNNs in predicting the time response of Finite Element
(FE) model nodes. Pan et al. [9] showcased the prediction of the dynamic behavior of
mechanical systems using Machine Learning (ML) methods and Choi et al. [6] and Nie
et al. [10] presented equally sufficient results in MBD applications using Deep Learning
(DL) methods, also examining applicability in a drivetrain system.

In this work, an RNN was developed as means of predicting a MBD model’s accel-
eration response on a total of eight different locations of its structure, with the goal of
reducing the computations time necessary to produce said response, while also accounting
for singularities in the simulations arising from model errors such as redundancies. The
novelty in this work is the application of an RNN-based method in predicting the response
of a large, computationally expensive, and highly nonlinear MBD system of a gear drive-
train containing a large number of detailed contact forces, extending the application of the
existing framework for predictions on less complex numerical models to a more complex
one. The contributions of the present work can be summarized as follows:

(1) The framework for predicting the response of numerical models is extended to a com-
plex and highly nonlinear system, providing much needed insight into the obstacles
that arise during the process.

(2) A means of reducing the computations necessary to extract the response of an MBD
system is provided through the use of the RNN. This, in turn, results in significant
advantages in computation time, especially when considering iterative processes such
as model optimization or data mining.

(3) The proposed framework provides a solution for obtaining a smoother time-response of
an MBD system by dealing with singularities arising from redundancies in the models.

The rest of this paper is structured as follows: In Section 2, the gear transmission system
which was used as the basis for the MBD model is presented along with its numerical
counterpart. The system’s response key characteristics are also defined in this section;
Section 3 introduces the concept of RNNs as a means of predicting the MBD model’s
response, explaining its key components and the way of operation of an RNN in the process;
in Section 4, the experimental and MBD system responses are shown in comparison as a
means of proving the validity of the MBD model and its adherence to the actual system;
Section 5 presents the results of this work, comparing the predictions of the RNN by
two different methods and validating the proposed methodology by showing the RNN’s
accuracy in capturing the key features of the system’s response as well as leading to a
reduction in computation time of about 45% when compared to running full simulations of
the MBD model; last, in Sections 5 and 6, the findings of the presented work are discussed
along with various propositions for future works as ways to improve certain shortcomings
of the method, and the conclusions derived from the presented applications are drawn.
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2. Gear Transmission System

Gear drivetrains are perhaps the most common means of mechanical transmission,
allowing for the largest possible torque transmission compared to other methods such
as belt or chain transmission. Gear transmission systems are present in most of modern
day machinery, including ground vehicles such as cars or motorcycles, wind turbines, and
aerial vehicles such as helicopters etc. In most applications, gear drivetrains comprise a
critical component of the machine, with potentially dire consequences in cases of failure.
The severity of the damage varies between applications but it almost always includes large
financial losses, such as when a production line may be abruptly stopped due to the failure
of a machine, for example, or even injury and loss of human life. As such, the field of
Condition Monitoring (CM) and damage detection of gear transmission systems has always
been an integral part of processes including rotary systems [11–17].

2.1. Vibration Response Analysis

Due to the periodic nature of a rotary system’s response, vibration analysis has been widely
used for signal analysis in gear drivetrains and rotary systems in general [11,12,18–21]. Changes
in a system’s properties, such as the failure of a bearing or a gear producing vibrations in the
system, can be detected in certain characteristic frequencies of the system’s response. For gear
related faults in particular, this characteristic frequency is called Gear Mesh Frequency (GMF)
and it is proportional to the rate at which two gears mesh with one another and, as such, with
their frequency of rotation. For meshing between two gears, the GMF can be estimated as:

GMF = Zg fg (1)

Here, Zg denotes the number of teeth of one of the meshing gears and fg denotes its
rotation frequency in Hz. For a planetary gear system, the characteristic frequency can be
estimated as:

GMFP = fs·
Zs·Zr

Zs + Zr
(2)

Z is the number of gear teeth, f denotes the rotating frequency in Hz and the subscripts
s, r denotes the sun and ring gears respectively.

As far as bearings are concerned, vibrations arise during their rotation, which can
appear due to even minor defects in their race or rolling element surfaces. The bearing
characteristic frequencies can be estimated as:

BPFO = Nrpm·NB
2 ·

(
1 − Db

Dp
·cos(θ)

)
BPFI = Nrpm·NB

2 ·
(

1 + Db
Dp

·cos(θ)
)

BSF = Nrpm·
Dp
Db

·
[

1 −
(

Db
Dp

·cos(θ)
)2

]
FTF = Nrpm· 1

2 ·
(

1 − Db
Dp

·cos(θ)
)

(3)

where BPFO and BPFI are the ball pass frequencies of the outer and inner race, respectively,
and BSF, FTF are the ball spin and fundamental train frequencies of the bearing. Nrpm
denotes the rotating frequency of the bearing, Nb is the number of rolling elements, Db,
Dp denote the rolling element and pitch diameters, and θ denotes the contact angle of
the bearing.

2.2. Experimental Gear Drivetrain

In this work, the Drivetrain Prognostics Simulator (DPS) of Spectra Quest Inc. (Rich-
mond, VA, USA) was used as the basis for formulating the corresponding MBD model
used as the ground truth in the analysis. The system is comprised of six major components,
namely two electric motors (1,5), a load stabilization system comprised of two gear boxes
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(4), an electric control unit (6), a two-stage gear system (3), and a planetary gear system
(2). The device is shown in Figure 1. The main focus of this work was the planetary and
two-stage gearboxes, a breakdown of which is shown in Figure 2. For the planetary box,
which is shown on the left side of the figure, numbers 1, 10 and 9 denote the caps and
case respectively, numbers 2 and 6 denote the bearings of the system and numbers 3 and
8 indicate the pinion shaft and carrier respectively. Last, numbers 4, 5 and 7 point to the
sun gear, planets and ring gear respectively. For the two-stage box, which is shown on
the right side of the figure, numbers 1 and 11 indicate the cap and case, numbers 6 and
9 denote the bearings of the system, numbers 5 and 7 point to the shafts of the two stages
of the box and numbers 2–4 and 8 indicate the helical gears of the system Last, number
10 points to the inlet shaft, which is also the carrier (8) of the planetary box.

Figure 1. Drivetrain Prognostics Simulator (DPS) from Spectra Quest Inc. [22].

Figure 2. Planetary and two-stage gearbox exploded view [22].

The system’s acceleration response was measured from eight different locations using
piezoelectric sensors. Accelerometers 1 and 2, henceforth denoted as A1 and A2, were
placed on the planetary box while accelerometers 3 to 8, henceforth denoted as A3–A8,
were placed on the two-stage box. The sensor configuration is shown in Figure 3. The
various characteristics of the gears and bearings of the system, which are necessary for
analyzing the system’s response, are shown in Table 1. The system’s accelerations were
sampled at 10,240 Hz, with the system operating at 612 RPM.
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Figure 3. Accelerometer sensor positions on the planetary and two-stage gearboxes.

Table 1. Gear and bearing characteristics.

Gears Teeth Bearings Rolling
Elements

Rolling Element
Diameter [mm]

Pitch Diameter
[mm]

Sun 28 SKF No. 6200 8 4.762 20
Planets 36 SKF No. 6800 10 2.381 14.5

Ring gear 100 SKF ER-16K 9 7.937 38.5
Inlet gear 29

Middle gear 1 100
Middle gear 2 36

Outlet gear 90
The contact angle θ is zero for all bearings.

2.3. Gear Drivetrain Multibody Dynamics Model

This work focused on the planetary and two-stage gearbox systems. This model was
constructed as part of a previous work [22], with the goal of generating synthetic data to
train a Convolutional Neural Network for supervised damage detection. To simulate the
system’s response, an MBD model was built in MSC Adams. The gearboxes were modelled
as flexible bodies, as accelerations were extracted from them at the same locations as the
physical system, and their flexibility severely affects the measured response. Since the gear
meshing phenomena were of interest, detailed contact forces were defined between the
gears of the two boxes. A total of ten contacts were defined between the sun, ring and
planet gears of the planetary gearbox while two more were defined between the helical
gears of the two-stage gearbox. To maintain a manageable simulation time, the bearings
that connect the shaft ends to the gearboxes were modelled as linear bushings of constant
stiffness and damping values as adding more contacts through a detailed bearing model
would make simulation virtually impossible. This simplification was possible here due
to the fact that focus was placed on the gear meshing phenomena and the effects of the
bearing contact forces were neglected. The MBD model of the two gearboxes is shown
in Figure 4.
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Figure 4. Two-stage and planetary gearboxes rigid-flexible MBD model [22].

While there are various contact force models in the literature [23,24], the one used in
this case was the Hertzian contact force model coupled with a hysteresis damping factor.
This is the default contact force model of MSC Adams, with the contact force estimated
using the following equations:

FC = Fn + Fr

Fn = Kde + S(d, C)
.
d

Fr = Fnsgn(S(vs, vd, µs, µd)).

(4)

Here, FC denotes the total contact force as a sum of the contact normal force Fn and
the friction force Fr. K and C denote the contact stiffness and damping ratio, e is the
nonlinear exponent rendering the force nonlinear, and d is the penetration depth between
the contacting geometries. The friction force is estimated using the signum function denoted
as sgn and a step function denoted as S. Last, v and µ denote the velocity and coefficient
of friction while the subscripts s, d denote the static and dynamic phases of the contact. A
graphic explanation of the contact normal and friction force is given in Figure 5.

Figure 5. Contact normal (Left) and friction (Right) forces [22].

The contact force parameters of the model are shown in Table 2. These values were
selected by optimizing the model in order to better fit the experimental system. More
details on the optimization process can be found in [23–26].

Given the model’s complexity and high nonlinearity of the contacts, the average
simulation time for this model is about 2596 s on a computer with a 32 core Intel (R)
i7 processor and 64 GB of RAM. It is easily understood that when multiple simulations
are required, such as during data mining, this large an amount of time hinders the overall
process. As such, computationally cheaper alternatives are sought via use of AI methods.
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Table 2. Contact force parameters.

Parameter Two-Stage Gearbox
(Contacts 1, 2)

Planetary Gearbox (Contacts
3–10)

Sti f f ness [N/mm] 3.4 × 105 1 × 106

Damping [Ns/mm] 7 3.6
Dmax [mm] 4.7 × 10−3 6 × 10−3

Exponent [-] 2 2.2
µstatic [-] 0.15 0.15

µdynamic[-] 0.081 0.081

3. RNN-Based Surrogate Model

NNs are globally recognized as universal approximators in the sense that, given
enough data, they are capable of fitting to virtually any problem. The specific type of
network best fit to each problem, however, is crucial to yielding the best possible results
and identifying the most suitable NN variant. For this particular application, an RNN
was used as a means of reducing the simulation time for the MBD model of the drivetrain
system. First, an initial number of simulation steps were performed and, after some minor
preprocessing, they were fed to the RNN for training. The RNN was then expected to be
able to predict the remaining number of steps required to complete the data mining. The
proposed framework is described in the flowchart of Figure 6.

Figure 6. RNN-based surrogate framework.

3.1. Recurrent Neural Networks

RNNs are a special type of ANNs that are suitable for cases where data are char-
acterized by temporal behavior [1,27]. The outputs of from one of the network’s nodes
can affect the input of the subsequent nodes in a cyclic manner. In a sense, RNNs have
memory, which makes them ideal for modeling cases containing time series, such as the
ones produced by the MBD model. This cyclic operations of an RNN are shown in Figure 7.
In the flowchart of Figure 7, x denotes the input data while h denotes the outputs of each
node using the input data of time step t. ω and b are the node’s weight and bias. Last, f
and g denote the recurrent layer and feedforward layers of the network.
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Figure 7. RNN operations. (a) Folded representation; (b) Unfolded representation.

Similar to other ANNs, RNNs are trained via backpropagation, minimizing the error
between the predicted and ground truth values of the desired output. In this work, the
Mean Squared Error (MSE) was selected during training, as it allows for directly comparing
the outputs of the RNN for each step with the corresponding one from the MBD simulations.
The MSE between the predicted and true values can be estimated as:

MSE =
1
n∑n

i=1 (yi − ŷi)
2, (5)

where yi and ŷi denote the true and predicted values at time step i.
The output of each neuron of a layer is estimated by passing the inputs through an

activation function of the form:

ak = a(Wkh + bk)k, (6)

where Wk are the neuron’s weights, h denotes the input features provided by the previous
layers and bk is the neuron’s bias. During training, the network updates its neurons’ weight
and bias values with the goal of minimizing the error between the true and predicted outputs.

3.2. RNN Type and Data Pre-Processing

Depending on how they operate, RNNs are characterized as one-to-one, one-to-many,
many-to-one and many-to-many type networks. In this work, a many-to-many type
network was used, which received the first half steps from the system’s acceleration
response as measured from the virtual sensors and predicts the subsequent simulation steps.
Each accelerometer measures data in three channels from the eight different accelerometer
locations, resulting in a total of 24 features for the network to be trained and predict on.

The RNN makes predictions of future values based on a specific number of past steps.
For this application, the system’s two past steps were used as input to the network and,
as such, the data must be reshaped and manipulated in the proper manner. For a total
of m simulation steps, the input data to the network were reshaped as (m − 2)× 2 × 24,
where the first dimension denotes the number of samples, the second the number of past
steps used for future predictions, and the third the number of features. In this application,
the network predicted the future outputs of the simulation in a looped manner, where
the outputs of the ith step were used as inputs for the ith+1 step. Algorithm 1 explains
this looped prediction process. It is worth mentioning here that the number of previous
steps used for predicting the response of the system affects the network’s performance in a
manner similar to the rest of its hyperparameters. In this work, only the two previous steps
were used for predicting the next one, as an increase in the number steps used increases
the computations time further, since the number of input features becomes larger without
providing any significant improvements in performance. The process of identifying the
optimal number of steps used is an iterative one and was omitted since it is beyond the
scope of the present work.
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Algorithm 1: Rolling prediction process

1. Run MBD simulation up to m steps
2. Define input_datam = [output_datam−1, output_datam]
3. For i = m + 1:n
4. Predict output_datai based on input_datai−1
5. input_datai = [input_datai−1(2), output_datai]
6. Append output_data to existing simulation data

3.3. RNN-Based Model Surrogates

In this work, a Simple RNN (SRNN), a Long Short-Term Memory (LSTM) model, and
a Gated Recurrent Unit (GRU) model were examined as potential AI surrogates of the
MBD model. SRNNs were the first type of RNN developed and, while promising, they
commonly suffered from the vanishing gradient problem, that is, the error gradient becom-
ing exponentially smaller as the length of predictions increases. LSTMs were developed
as a means of dealing with the vanishing gradient problem that RNNs suffer from [27].
Last, GRUs are a variant of LSTMs, usually requiring less training parameters, rendering
them more computationally efficient and performing similarly to the LSTMs. The three
networks’ structure is shown in Table 3 and they were constructed using the open-source
library Keras [28].

Table 3. RNN model structures.

Model Layer Activation No Units/Rate Output Shape

SRNN

SRNN tanh 16 [-,16]
Dropout - 0.05 [-,16]

Dense LeakyReLU 64 [-,64]
Dense LeakyReLU 64 [-,64]
Dense tanh 24 [-,24]

LSTM

LSTM tanh 16 [-,16]
Dropout - 0.05 [-,16]

Dense LeakyReLU 64 [-,64]
Dense LeakyReLU 64 [-,64]
Dense tanh 24 [-,24]

GRU

GRU tanh 16 [-,16]
Dropout - 0.05 [-,16]

Dense LeakyReLU 64 [-,64]
Dense LeakyReLU 32 [-,32]
Dense tanh 24 [-,24]

Each network’s hyperparameters were fine-tuned manually, aiming to minimize the
validation loss and thus ensuring that the final RNN would be able to generalize to unseen
data. Each was trained for 100 epochs, using a batch size of 100 samples, aiming to achieve
an optimal performance while maintaining a relatively low training time. The Adaptive
Moment Estimation (Adam) optimizer was selected for the training process as it is perhaps
the most versatile optimization algorithm, achieving good results in a large number of
applications. Last, the learning rate was set to 0.001. The network was trained on data
produced by running a simulation for half the steps required for the final dataset, that
is, m = 2560 steps, resulting in a training dataset of size 2558 × 2 × 24. The training and
validation loss curves for all networks are shown in Figure 8. As expected, the validation
loss is slightly larger than the training loss but the difference is minor and, as such, the
networks are considered adequately trained. Maintaining the training loss value at a small
yet constant value, even after continuing the training process up to 100 epochs, hints to
the network’s robustness, that is, the network is expected to be consistent when making
predictions on unseen data while also avoiding overfitting to the training dataset, allowing
it to generalize to new datasets.
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Figure 8. Training and Validation loss curves during training.

4. Experimental and MBD System Responses

For the planetary and two-stage gearbox system, Figure 9 displays a brief analysis
of the acceleration response as measured on the X and Y axes (the radial ones) of A1. As
shown in the figure, two peaks can be identified as the dominant characteristic of the
response, which corresponds to the GMF of the planetary gearbox and its first harmonic.
Two more GMFs that appear due to the gears meshing in the two-stage box are present in
the system’s response but are not visible in the graphs as they are of a minor amplitude
compared to the GMF of the planetary system. Similarly, while present, the characteristic
frequencies of the bearings are also of minor amplitude and as such are not visible in the
figure. For reference, Table 4 contains the values of the GMFs while the characteristic
frequencies of the bearings have been omitted as they serve no purpose in this particular
application and would only clutter the presented work.

As mentioned, the MBD model was previously calibrated in order to better match the
experimental system’s response. This was carried out in order for the model to be able to
provide the high-fidelity date necessary for further analyses of the system, with its response
adhering to the experimental one. Comparison between the experimental and MBD system
response PSDs for channels 22 and 23, which are the radial axes of accelerometer A8, is
indicatively shown in Figure 10. As shown in the figure, the MBD model is capable of
fitting to the experimental data and mainly to the planetary GMF, which is the dominant
feature of the system’s response.
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Figure 9. Acceleration PSD at the X and Y axes of A1.

Table 4. GMF frequencies of the planetary and two-stage system as 612 RPM.

Two-Stage—f1 [Hz] Two-Stage—f2 [Hz] Planetary—f3 [Hz]

23.251 64.442 223.125

Figure 10. Acceleration PSD comparison between the experimental and MBD system for the radial
measurement channels of accelerometer A8.

5. RNN-Surrogate Response Predictions

In this section, the three RNN models’ performance was initially assessed by compar-
ing the MSE between the true MBD model responses and the network’s rolling predictions
for all three models in order to identify the one best suited for the current application. After
selecting the best suited model, its accuracy when predicting directly on the test data was
also assessed in order to compare the two methods as well as assess the error inherent in
the rolling predictions method.
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5.1. System Response Rolling Predictions

For the proposed methodology to allow for a predicted response estimation without
any prior knowledge on the future steps that are to be predicted, a rolling prediction
process was required. As previously mentioned, these kinds of predictions were performed
by using the last two steps produced by the MBD model simulation and sequentially
predicting the next step, shifting the sequence forward in the process. The value of this
methodology in data generation comes in two respects. First, a significant reduction in
the computation time is required for each model. The MBD model simulation time can at
times be significantly large, which is especially critical in cases where repetitive simulations
are required, such as when generating data or when optimizing the model. Second, MBD
models with their high nonlinearities are prone to errors arising from singularities due to
various reasons such as redundant constraints. These errors are also usually more severe as
the simulation time proceeds. Replacing the MBD model with its AI-surrogate at an early
stage of the simulation can help avoid such errors and allow for seamless data mining.

In order to conclude to the best-suited RNN model for the present application, Fig-
ure 11 shows a comparison of the MSE values of all measurement channels among the three
RNN models. On the left graph of the figure, the error values are shown for each channel
separately, while on the right graph, the mean error of each model is presented through a
box plot. As shown, all RNN models perform similarly, with the MSE values estimated
as 0.162, 0.149, and 0.153 for the three models, respectively. Common trends can also be
observed among them, such as the rise in the MSE values for channels 20–21 and 24. Since
the performance of the RNNs is similar but the LSTM model displayed the smallest error
between the true and predicted responses, it was selected as the surrogate for the MBD
model. This, however, is not to say that the two other RNN models would perform poorly
when predicting the system’s response but rather that, while the results would be similar,
choosing the optimal network type for this application will result in the best performance
currently possible. For the remainder of this work, all results presented pertain to the
predictions of the LSTM model as the surrogate for the MBD model.

Figure 11. MSE between the true and predicted response values for all three RNN models. Compari-
son of the MSE per channel (left) and box plot of the MSE per model (right).
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More significant insight can be obtained by analyzing the error between the true and
predicted responses in the frequency domain, which is also the main goal of this particular
application. By plotting the frequency domain MSE for the frequency range of interest, the
mean error between the true and predicted responses can be estimated for each frequency
value. This comparison is shown in Figure 12 where the MSE of the PSD estimates of the
true response, generated by the optimal MBD model, and the predicted one, generated by
the RNN, is shown. As stated before, the dominant features of this signal are the GMF of the
planetary gearbox as well as its 1st harmonic. A shown in the figure, the network is able to
accurately capture the magnitude of the GMF and its 1st harmonic with a minor error. The
PSD comparison between true and predicted data is also shown in Figure 13 for channels
22–24 which correspond to accelerometer A8. A8 was selected as it is the accelerometer
that is placed the furthest from the planetary box and, as such, the measured response
contains more spectral noise due to the various rotating components, as opposed to the
one at A1. However, similar characteristics can be observed for all other accelerometers
and channels, as the planetary GMF’s and its 1st harmonic’s magnitude are the largest in
all cases. It should be noted that the PSD responses were converted in decibels for both
figures so as to allow for a better inspection of the quantities displayed.

The residual error between the true and predicted responses is shown in Figure 14 for
accelerometer A8. As shown in the figure, while some error can be observed between the
two responses, the error value is minor on the frequencies of interest and especially on the
GMF, where it is almost 0. It should be noted here that the large negative values close to the
GMF are in decibels, meaning that they are also minor in terms of magnitude. The residual
plots are only shown for A8 in order to declutter the text here. For transparency reasons,
the average residual values between the true data and predictions are shown in Table 5 for
all measurement channels. It should be noted that both Figure 14 and Table 5 show the
residual values in decibels.

Figure 12. PSD MSE between the Optimal MBD and LSTM generated data averaged along the
24 measurement channels.



Machines 2023, 11, 514 14 of 21

Figure 13. Acceleration PSD comparison between the Optimal MBD and RNN generated data—
A8 location.

Figure 14. Residuals between the Optimal MBD and RNN generated data—A8 location.
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Table 5. Average residual error for channels 1–24.

Ch. Avg.
Error [dB]

Avg.
Error [%]

GMF Avg.
Error [%] Ch. Avg.

Error [dB]
Avg.

Error [%]
GMF Avg.
Error [%]

1 30.89 31.52 2.51 13 20.56 20.20 4.05
2 27.83 28.27 3.25 14 20.39 20.39 5.78
3 20.93 20.44 6.35 15 20.38 20.37 5.88
4 21.33 20.90 5.91 16 22.23 22.29 5.85
5 20.86 19.92 7.69 17 43.34 43.23 15.72
6 25.02 25.23 8.29 18 40.85 39.56 25.86
7 25.26 25.47 7.87 19 16.33 15.069 1.82
8 25.90 25.99 8.87 20 11.61 10.61 0.08
9 40.371 38.73 21.16 21 8.15 7.56 2.27
10 46.81 45.87 2.97 22 22.29 21.36 9.13
11 17.69 16.95 4.32 23 21.96 21.05 10.46
12 21.65 21.37 4.07 24 8.69 8.03 2.44

As seen from Table 5, the average error values are relatively large for most chan-
nels, especially for channels 9–10 and 17–18, where the RNN shows the least accuracy in
predicting the system response. These values, however, were estimated using the entire
response which, as mentioned, is characterized by a relatively significant residual error.
When focusing on the area near the GMF, however, which is the feature of the response that
we are mainly interested in, one can see that the error drops significantly. This is further
proof that the network was able to accurately capture the model’s behavior with regards to
the GMF of the planetary box.

Here, since one of the benefits of the proposed methodology is time reduction and
faster data generation, it is important to also evaluate the RNN’s performance with respect
to the time reduction in the overall data mining process. As far as the MBD simulations
are concerned, an average time of 2596 s is required to run a full 5 s simulation. On the
other hand, to implement the proposed methodology, half that time is required to generate
the training data for the RNN, plus an average of 118 s to generate the data via the rolling
predictions method, resulting in a total time of 1416 s. This means that the proposed
methodology resulted in a reduction of about 45% in the computations time. The time
required to train the RNN is omitted here, as training is almost instantaneous. It is also
important to ensure that the level of error introduced by the use of the AI surrogate does
not exceed the benefits resulting from the reduction in computations. The mean error
percentage averaged along all measurement channels amounts to 23.77% when considering
the entire frequency spectrum, while the same error when estimated in the range around
the features of interest, that is, the GMFs, is equal to a about a third of that, at about 7.19%. It
is therefore obvious that the error introduced in the produced response is balanced by a
reduction in the computations time. A good tradeoff between the two, however, should
always be sought. As shown, when one considers the entire frequency spectrum, the
error is quite large, hinting at the potential need for further optimization of the RNN’s
structure in order to reduce the error and further increase the method’s accuracy. When
focusing on the features of interest, however, the error drops significantly, leading to an
advantageous ratio between the introduced error and the savings in time. The level of
acceptable error is always case-specific, and while a small error is always desired, a good
tradeoff between it and the time savings, when further improvement cannot be obtained,
may allow for application of the presented method to a wide range of problems. For this
application in particular, while the overall error is 23.77%, since the GMFs are of interest
and the 7.19% error is considered adequately small, the 45% reduction in computations
time is of much greater significance to the overall process.
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5.2. Predictions on Test Data

In the previous subsection, the results were based on the rolling predictions of the
network. Here, the same results are shown, with the difference that the RNN now predicts
on existing test data, which were produced by running a full simulation using the MBD
model and splitting the data to training and test subsets. Similar to the case of the rolling
predictions, Figure 15 shows the MSE between the true and predicted values in the time
domain, averaged along all predicted timesteps. The error here is only shown for the LSTM
model as it was considered the best suited one for this particular application.

Figure 15. MSE between the true and predicted response values produced by predicting directly on
the test subset. Comparison of the MSE per channel (left) and box plot of the MSE per model (right).

By comparing the MSE values of Figure 15 with those of Figure 11, it can be seen
that the overall predictions are now improved compared to the rolling predictions that
were previously presented. A better comparison can be given by Figure 16, where the
PSDs of the true and predicted responses measured on A8 are compared. As shown in
the figure, the network accurately captures the GMF and its 1st harmonic, similarly to the
rolling predictions case, but it now also makes more accurate predictions on the entirety of
the spectrum. It should be noted that A8 was selected to adhere to the comparison made
for the rolling predictions method, as similar results can be observed for the rest of the
measurement locations.

The improvement in the method’s accuracy can be made more clearly visible by the
residuals plot of Figure 17 as well as the residual values of Table 6. As shown in the table,
the error is reduced compared to the rolling predictions case, which also holds true for the
entirety of the frequency spectrum. The majority of the good predictions are still focused
around the areas of interest, that is, the area around the GMF and its 1st harmonic, but
the results are now much more accurate. This can also be seen by the residuals plot of
Figure 17, where all values are now much closer to 0.
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Figure 16. Acceleration PSD comparison between the Optimal MBD and RNN generated data by
predicting directly on the test subset—A8 location.

Figure 17. Residuals between the Optimal MBD and RNN generated data by predicting directly on
the test subset—A8 location.
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Table 6. Average residual error for channels 1–24 produced by predicting directly on the test subset.

Ch. Avg.
Error [dB]

Avg.
Error [%]

GMF Avg.
Error [%] Ch. Avg.

Error [dB]
Avg.

Error [%]
GMF Avg.
Error [%]

1 11.54 12.05 0.61 13 4.85 4.95 0.36
2 9.26 9.59 0.25 14 4.30 4.48 1.40
3 3.93 4.03 0.35 15 4.35 4.53 1.49
4 4.28 4.39 0.10 16 5.37 5.58 1.78
5 3.58 3.61 0.68 17 11.84 11.93 0.48
6 6.89 7.07 1.88 18 8.80 8.64 4.60
7 6.73 6.91 1.65 19 4.21 3.98 1.02
8 7.24 7.40 0.91 20 2.76 2.63 2.30
9 10.16 9.83 7.49 21 0.06 0.17 3.06
10 18.73 18.54 8.75 22 7.18 6.98 0.66
11 3.04 3.10 0.26 23 7.33 7.12 1.22
12 5.46 5.54 0.35 24 0.18 0.02 4.19

This change in the accuracy of the results can most likely be traced back to the accumu-
lation of error when performing the rolling predictions method to generate the data. While
an MBD model’s system response would not be available to make predictions directly in
a real case, as shown here, the error is much smaller compared to the previous method,
which, however, in this application is the only one available.

6. Discussion

In this work, the potential for an AI-based surrogate for a complex, highly non-linear
MBD system was presented as a means of reducing the time necessary to mine data by
shortening the simulations time and avoiding singularities that arise from common errors
in MBD simulations. Using the RNN resulted in a significant reduction in the computations
time necessary to complete one full model simulation with the drawback of adding error
in the overall process. Based on this error to time savings ratio, the areas of application
of the proposed framework can easily be defined. Application of the method in iterative
processes, such as data mining, which require a large number of simulations, can lead to
significant advantages, as the larger the number of simulations required for a process, the
greater the overall reduction in computation time. The proposed framework was developed
through the need for faster data generation, as cases requiring a large number of datasets,
such as model optimization through parameter updating [23] and AI-based CM [22], will
benefit greatly from the proposed methodology since cases requiring days or even weeks
may then only require a fraction of that time. It is important, however, to ensure that the
error between the true and AI generated responses is kept a low as possible throughout the
process as the quality of the data generated is also of major interest in these applications.

At this point, it is important to state the limitations of the proposed methodology with
regards to the applications it can be used in. In this case, while training and predictions
were performed on data in the time domain, frequency domain data were actually of
interest. The network was built in a manner allowing it to predict the time series data
as a means of having that data available, should it be necessary. The frequency domain
data in this case had discernable features which were also the desired targets of the data
generation process and, as such, one might argue that the presented method would not be
as successful at other applications with more subtle differences in the data or that refining
the network even further to improve its accuracy would be mandatory. While this may
hold true, at least up to a certain level, successful application of the proposed method on
rotary systems alone is no small feat and hints to its great potential. Furthermore, for gear
related faults, damage detection and identification in particular has previously been proven
possible by using only the area of the frequency spectrum encapsuling the GMF frequencies
of the system [22]. Based on the abovementioned points, one can deduce that the conditions
for the proposed methodology to be successfully implemented and for adding value to a
particular application are quite subjective and depend on each application’s demands. To
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begin with, the data produced by the process must be temporally related in the sense that
for an RNN to map such dependencies and be used to its full potential, these dependencies
must exist in the first place. Furthermore, one must know the features he is interested
in beforehand, as even in cases were the relative error between the true and predicted
values is small, the features that are of interest must be accurately captured by the network.
Last, considering that the use of a surrogate model is bound to introduce error into the
process, the advantage in time savings resulting from said use must be significant. The
suggestion that the method is well-suited for iterative processes such as data mining or
model optimization is derived from this concluding remark, that is, if one is only interested
in a small number of simulations, the accuracy of the results would most likely be of much
greater significance than the time required to run these simulations and the proposed
method would therefore become obsolete.

As far as the results are concerned, there are various solutions that could be investi-
gated as part of future works in order to reduce the error introduced to the data generation
process by the RNN. One such alternative that is currently being investigated is Physics
Informed Neural Networks (PINNs) [29,30]. PINNs are ANNs which have certain physics-
based rules embedded in them, helping turn an otherwise naive network into one that takes
into account the physical constraints governing a system. This type of network is currently
undergoing significant investigation and could very well be used as an alternative in the
near future.

Another solution to the accumulation of error could be the introduction of an AI-based
corrector operating in a manner similar to the ones in the predictor–corrector integration
schemes. The AI-based corrector could be trained on the residual error between the true
and predicted responses and be introduced to the final result.

Last, the nature of one of the subcategories of RNNs could provide a means of per-
forming direct predictions on a system’s response. Should a time dependent input be
available for an MBD system, that input could be used to produce both training data and
test data for the RNN and allow for direct predictions without the need for the rolling pre-
dictions scheme. For this, however, the RNN would have to be able to map the relationship
between inputs and outputs of different types, such as the input forces (input) that result in
excitations (output) in a system. RNNs, however, are a powerful prediction tool and the
existence of one-to-many and many-to-many RNNs hints at the possibility of using them
in such a manner.

Overall, the presented case acts as proof of the applicability of the presented method
and yields strong evidence of the worth of its extension to other applications, as well as the
exploration of different network types and architectures.

7. Conclusions

In this work, an AI-based surrogate for an MBD model of a gear drivetrain was
introduced as a means of predicting the system’s response. The nature of the problem
at hand allowed only for predictions in a sequential manner, where the past steps of the
model’s response were used as data for an RNN to make predictions on and generate the
future steps of the simulation.

Use of the proposed framework in the present application resulted in a reduction of
about 45% in the computations time required, adding a maximum error of 23.77% to the
overall process. Focus in the areas of interest, however, indicated that the percentage error
around the significant features of the system’s response amounted to 7.19%, which is a
considerable reduction compared to the error of the overall process. This indicates that the
RNN was capable of identifying the major temporal relation (the periodicity of the gear
meshing in this case) inherent in the system’s response.

While the network’s performance showed errors in the majority of the system’s re-
sponse, its key features were accurately captured by the network, hinting at the potential of
the method. Furthermore, comparison between the method’s accuracy between the actual
and ideal predictions produced by the rolling and direct prediction methods, respectively,
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indicates that the RNN’s accuracy could be improved further by introducing a means of
reducing the error accumulation during its prediction step. This, along with the signifi-
cant improvement in the computations time, hints at the method’s potential and is worth
investigating further.

The proposed methodology may find application in cases where a large amount
of simulation data is required, such as when mining data or when running multiple
iterations of the same model in order to identify the parameters of a system. The presented
application acts as a benchmark case with which to extend the application and improve its
generalizability, improving the RNN’s performance in the process.
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