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Abstract. Vibration response analysis is perhaps the most common method of diagnosing the
health state of a mechanical system and monitoring its condition. By analyzing a system’s
response and assessing certain quantities either in time or frequency domain, information on
the system’s condition can be collected and its maintenance can be scheduled accordingly.
While conventionally performed by engineers monitoring certain features in a system’s
response, Condition Monitoring (CM) can be automated by the use of Artificial Intelligence
(AI) methods, aimed at locating and identifying damages in a system and characterizing its
health state. The obvious and significant shortcoming of this method is the need for large
amounts of high-fidelity data which is necessary for training the Al algorithms and can at times
be virtually impossible to acquire. To this end, a novel CM methodology is presented in this
work, utilizing a Convolutional Neural Network (CNN) as a means of identifying the damages
present in a system. To overcome the problem of data scarcity, optimal Multibody Dynamics
(MBD) models are used as a means of mining high-fidelity training data for the network. The
proposed framework is then validated by application on a real-life experimental system of an
elevator door, where the trained CNN is proven capable of accurately identifying the damages
present in the system and classifying its health state accordingly. The proposed methodology
allows for real-time CM of virtually any mechanical system and can include any type of fault,
given that the training data is procured by numerical simulations.

Key words: Condition Monitoring, Damage detection, Artificial Intelligence, Convolutional
Neural Networks, Multibody model.

1 INTRODUCTION

Deep Learning (DL) algorithms have been extensively reviewed for Condition Monitoring
(CM) and Structural Health Monitoring (SHM) on mechanical systems, with applications of
Artificial Intelligence (AI) based CM/SHM being investigated as solutions to the damage
detection problem in mechanical systems such as gearboxes and transmission systems [1-4],
aircrafts [5], ground vehicles [6,7], bridges [8,9], elevators [10-13] and so on. Vibration based
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methods are one of the most common practices for fault detection in mechanical systems [14-
16] as accelerations measured from various locations of a structure can provide data on a
system’s health state. As is common however, faulty state data is usually diffcult to acquire due
to the prohibiting costs of deliberately damaging a structure. Due to this, Al-based damage
detection is usually limited to unsupervised cases, allowing only for anomaly detection or
unlabeled clustering in a system [1,17-18]. To alleviate this problem of data scarcity, optimal
Finite Element (FE) and Multibody Dynamics (MBD) models have been previously used to
produce training data for damage detection both in the time and frequency domains [19,20].

In this work, data is generated by high-fidelity MBD simulations and used to train a CNN
for damage classifciation on two damaged states of an experimental elevator door system. An
optimal MBD model is first obtained by parameter updating and is then used to simulate the
two fault cases. Data is then prodcuced by the optimal MBD models and is used to train a CM-
CNN which is then validated on experimental measurements of the real set-up during normal
operation as well as in the presence of faults. This novel framework may find applications both
in laboratory and real-word tasks by providing an alternative to the acquisition of experimental
training datasets via MBD models.

The rest of this paper is structured as follows: In Section 2, the theoretical formulation is
explained. Section 3 presents the physical system examined in this work as well as its
corresponding MBD model. Section 4 shows the structure of the CM-CNN and presents the
training data generated by the MBD models. In Section 5 the CNN’s prediction results are
displayed, validating the network’s performance on the experimental data. Finally, the
conclusions are drawn in Section 6.

2 THEORETICAL FORMULATION

2.1 Contact force formulation

For a MBD system containing non-linear contact mechanics, the normal contact force
between two contacting bodies can be estimated as:

E, = K™ + x6"§ (1)

where K is the contact stiffness, § and & are the indentation depth and velocity respectively, n
is the nonlinear exponent and y is the hysteresis damping factor. This damping factor is what
differentiates the models, as its formulation varies from one to another. The contact force
models and corresponding damping factor formulations used in this work are presented on
Table 1, where c, denotes the coefficient of restitution and (7 is the indentation velocity at
the start of each contact [21].
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Table 1: Nonlinear contact normal force models and damping factors.
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2.2 MBD model optimization

Aiming to acquire an accurate MBD model and mitigate the differences between the
simulated and actual system responses, a model parameter vector 8,, containing the contact
normal force stiffness K, nonlinear exponent n, coefficient of restitution c,, contact normal
force model index I, static and dynamic coefficients of friction ug, pg, flexible body damping
ratio C and part mass scaling factor MF is updated using the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) [19-20]. The algorithm optimizes the model by updating the
values of vector 6, in an attempt to minimize an objective function denoted as J(6,,):

M N

1(6,) = Z Z (91 (6,) — }’ij)z @

N

i=1_|j=1

Here, y;;, §;j(6,) are the PSD estimates of the physical and MBD system’s accelerations
respectively, measured at accelerometer channels i, ranging up to M channels, over the
frequency values J, ranging up to N Hertz.

2.3 Convolutional Neural Networks

CNNs have proven to be efficient damage detectors both in time and frequency domain [19-
20]. CNNs receive input data which they convolve with a previously learned filter which is
comprised of several matrices of weights, commonly know as kernels. The CNN’s output f;, of
length t is calculated by convolving the input signal in and applying a filter w;, on a neuron k
as shown in the following equation:

fx = wi xin with (wy * in) = X; in(j)w (t — j + 1) (j takes all valid values) 3)

The output of the convolutional layer is then fed to the hidden layers of the nework where more
processing is performed before resulting in the final output. The CNN is trained through
Backpropagation (BP) on a labeled dataset, updating the weights and biases of each neuron
based on the minimization of a selected cost function. In this work, the categorical cross-entropy
between the predicted and true labels of the data is used and can be formulated as:
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Ng
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where, Y; is the true label of the input data, ¥; is the network’s prediction and N, is the number
of input datasets.

3 PHYSICAL SYSTEM AND MBD MODEL

3.1 Experimental system

The experimental set-up used in this work is an elevator door mounted on a steel test frame
as shown on part [a] of Figure 1. In this work, two damaged states are examined for the elevator
door system, both of which are shown on part [b] of Figure 1. The first damage case, denoted
as Damage 1 (D1), examines the existence of debris in the bottom railway ridge hindering the
doors’ sliding motion and was indcued in the system by adding small bumps from a soft tape
material to the bottom door rail. The second damage case, denoted as Damage 2 (D2), is that of
a surface defect on the top right door wheel preventing it from rolling properly and was created
by filing a small portion of the wheel’s external surface, mimicking the wear caused by
prolonged use. The two cases were selected in a manner allowing for detection of both severe
(D1) and more subtle (D2) damages, proving the method’s general applicability. Last,
accelerometers A1 and A2 are placed as shown on the same figure in order to measure the
system’s vibration response at the accelerometers with a sampling rate of 2048 Hz.

Bottom wheel

Top wheel

[a]
Figure 1: Elevator door experimental set-up and sensor configuration [a] and fault mechanisms [b].

3.2 MBD model

For the MBD model, the majority of the components were modeled as rigid bodies,
excluding the test frame along with the door rails and the cylindrical wheels that they come into
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contact with, which were considered flexible. The contact force formulation of Equation 1 is
also integrated in the model to simulate the contact mechanics. The MBD model is shown in
Figure 2, where the geometry of the contact mechanism of the wheel-rail system is also
displayed. The present contact problem is treated as a sphere to an infinite flat surface contact.
The two faults related to the wheel-rail mechanism were simulated by making changes to the
model similarly to the damages induced on the experimental set-up.

By

d

D2

(81

-Heakhyl

Figure 2: MBD model of the elevator door.

The optimal MBD model’s parameters are shown in Table 2. Their values were estimated
using the CMA-ES algorithm and a small number of initial healthy state measurements. The
nominal value of each parameter is also shown to allow for comparison of the deviation between
the nominal and optimal MBD models.

Table 2: MBD optimization parameters.

Nominal ~ L/UBounds  Optimal  %Deviation

K [N/mm] 1475 1300/2500 1863 26.3
n[-] 1.50 1.50/2.20 1.93 13.3
cr[-] 0.70 0.60/0.95 0.69 1.4
1[-] 1 1/9 6 -
s [-] 0.80 0.70/0.85 0.78 25
Ua [-] 0.76 0.60/0.80 0.77 1.3
C -] 0.010 0.005/0.020 0.018 80
MF [—] 1 12 1 0

3.3 Frequency response comparison

Following the optimization process, the MBD model is expected to provide a good fit to the
experimental data for the healthy as well as the damaged states, as they were built based on the
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optimal healthy model. Comparison between the real and simulated responses is shown in
Figures 3 & 4 for the healthy and damaged states respectively. It should be noted that while the
damaged state responses are shown here, no such comparison was made during the model set-
up as in practical applications damaged state data will usually be inexistent beforehand.

[—-—Experimenl’al Healthy Optimal MBD Healthy}

0r / ~ 0r & |
=-20¢ i =-20 3
=]
) ™ g / \_/
= ) . = Dy
40t N 40
-60 : —- : : - -60 : 2 ‘ : j
0 5 10 15 20 25 0 5 10 15 20 25
0 0 .
-l }./\7 — 20 \v/-\
o1 ol
> 40! \/ N .40
-60 : : -60 : :
0 5 10 15 20 25 0 5 10 15 20 25

Frequency [Hz]

Figure 3: Healthy state Experimental and Optimal MBD PSD comparison for the transversal (X) and
longitudinal (Z) axes of accelerometers Al and A2.
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Figure 4: Damaged state Experimental and Optimal MBD PSD comparison for the transversal (X) and
longitudinal (Z) axes of accelerometers A1 and A2.
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4 TRAINING DATA AND CNN

4.1 Data generation

The training data for the CNN was produced by running repeated simulations for each health
state and sampling the model’s key parameters from a Gaussian distribution. To introduce the
uncertainty that is inherent to the experimental system to the models, a variation of 1-10% was
added to the optimal parameter values, creating the Gaussian sampling pool in the process. This
data generation process has proven efficient in producing the high-quality data required for
CM-CNN training [19,22,30]. Figure 5 shows the training data generated in comparison to the
experimental test data. As shown, the training data is characterized by greater variance
compared to the experimental ones, and as such, the network is expected to be able to generalize
well, even to unknown datasets.

|_ Optimal MBD Healthy — Optimal MBD D1 Optimal MBD Dz_i
: : 50

5 10 15 20 25 5 10 15 20 25

[——Experimental Healthy —— Experimental D1 —— Experimental D2|

5 10 15 20 25 5 10 15 20 25

Frequency [Hz|

Figure 5: Optimal MBD training (Top) and Experimental test (Bottom) data comparison.

4.2 CNN

Previous work has indicated that a simple network configuration with a small number of
trainable parameters leads to more robust and accurate predictions in this simulated training-
experimental validation scheme [19,20,22]. As such, a shallow network configuration
consisting of a small number of layers was selected in this work. The final CM-CNN structure
is given in Table 3 along with the characteristics of every layer.

Out of 1800 training datasets, 70% is used for the training process and 30% is used for
validation on simulated data. The Adam optimizer was used as it is one of the most popular
gradient based optimizers, requiring next to no tuning while being highly efficient. The training
was performed over 80 epochs, using batches of 100 samples, building an ensemble of 10 CNNs
for an averaged decision in classifying each health state correctly.
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Table 3:

CM-CNN structure.

Layer Activation Units Output Parameters
Convolutional_1D eLU 5 [-, 23, 5] 65
MaxPooling_1D - 2 [-, 11, 5] 0
Flatten - - [-, 55] 0
Dense softmax 3 [-, 3] 168

5 EXPERIMENTAL VALIDATION

Figure 6 displays a bar chart of the predictions for 300 datasets, comprising of 100 datasets
per health state. Assessing the certainty at which the network makes its classifications indicates
that while the network is accurate in its predictions, its certainty levels are relatively low
between the Healthy and D2 states, which is expected as D2 had much smaller an effect on the
system’s response. As shown in the figure, the D1 case is easily distinguished from the other
two due to the response’s larger amplitude as well as its different response shape corresponding

to the different frequencies being excited.

(I Healthy BElDamage | [ Damage 2|

| L

50

Figure 6: CM-CNN predictions on experimental data.
The predictions are also shown in the confusion matrix of Figure 7, providing a more
compact display of the results. As shown, the CM-CNN makes accurate predictions with a total
rate of 92.3 with the only misclassification error being the one between the Healthy and D2

states.
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Confusion Matrix
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Figure 7: CM-CNN prediction confusion matrix.

6 CONCLUSIONS

A CM-CNN was presented for damage classification on mechanical systems, applied on an
experimental elevator door system. The proposed methodology displays the potential of using
an optimal MBD model to generate training data for an Al-based damage detector. The CM-
CNN trained by simulation data alone resulted in accurate and robust classifications with an
average accuracy of 92.3%. This high accuracy rate indicates that the training data produced by
the MBD simulations were of high-fidelity, proving that using an optimal healthy state model
to produce its damaged counteparts is possible. The CNN ensemble created was proven capable
of generalizing to new and unknown datasets, distinguishing even damages of a more subtle
nature and alleviating most of the concerns relative to overfitting. It was also validated that a
relatively simple CNN with a simple structure and a small number of parameters can aid in this
prediction generalization task, mitigating the errors emanating from the differences between
simulation and measurement.

Use of a CNN ensemble as a damage detector allows for real-time damage detection and
identification on a system, surpassing the time constraints of solving an inverse problem for
parameter identification of a faulty system, while also eliminating the need for visual inspection
of a system’s response, which can be costly and requires experienced personel, especially in
cases were multiple damages are present. The presented work hints to the potential of the
proposed methodology and extends its application to industrial systems of complex nature.
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