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Abstract

Multibody dynamics society has been fascinated to use machine learning and big data. Recently, we
successfully evaluated the feasibility of deep neural network (DNN) based data-driven modeling in rigid
body system dynamics [1]. Responses, which are position, velocity, and acceleration, of both multibody
dynamics (MBD) and kinematics problems were well predicted by using the DNN based approaches
without directly solving governing equations [3]. In this study, we extend the data-driven approach for
real-time simulation of flexible multibody dynamics (FMBD) [2]. The similar DNN framework could be
employed to both MBD and FMBD simulation. However, due to the huge degrees of freedom (DOFs) of
flexible bodies, the size of the data structure in the FMBD systems becomes dramatically larger than the
case of the MBD system. As a remedy, a random coarse sampling (RCS) method, which is an algorithm
to train the DNN model using coarse data, is proposed, and an error correction (EC) technique is also
introduced to improve the accuracy of RCS using relatively fine data.

In the manner of data-driven approach, the numerous simulation results are prerequisites to achieve
precise trained model. RecurDyn [4] was then used to get training data. After the simulation results are
obtained, the RCS step is started. The full training data is divide into n. coarse data C;,i = 1,2,---n,.
Using the ny coarse data, a validation set V is constructed, where n, is the number of randomly selected
coarse data. The validation set can be expressed as V = [V/ V9] and it can be used to evaluate the DNN
model. The DNN model .#; is trained with a coarse data C; iteratively. Using the validation set V, the
i-th DNN model is evaluated for the reference output V9 and the DNN output .2;(V?). If the .#; meets
a criteria, it moves to EC. When the RCS is finished in the n-th iteration, the DNN model is expressed as
M. The reference solution of the DNN model .# can be expressed as

M = (1) + 8,1, (1)

where 8.4, (I) is an error matrix of the input /. In the EC stage, a new DNN model ./ that follows the
error 8.4, is generated using a fine data V. From the outputs of the DNN model which are calculated
using V, the combination of 7 and O in V which make inaccurate results are chosen as the fine data V.
The error 6.4, (VI) using the fine data V is output for the DNN model .4, and the data structure for
EC can be expressed as V = [VI oM (VI)]. Using V, EC is performed and the DNN model .4~ which is
following the error of the DNN model .#, is obtained, where .4~ ~ §.#,. The reference solutions can
be expressed using two DNN model as

M = M+ N )

The performance of the proposed algorithm is tested through a piston-cylinder system shown in Fig. 1
(right) which is a tutorial model of the RecurDyn [4]. A connecting rod is modeled as a flexible body
using solid elements. The inputs for a DNN model are the angular velocity @ € [500,600](rad/s) of
the crank, Young’s modulus E € [160,240] (GPa) and Poisson’s ratio v € [0.252,0.308] that contain the
parameters which are representing the characteristics of the flexible body.

Fig. 2 shows the performance of the proposed algorithm. An average of R-squared value (%?) is used
to evalutate the DNN model. The % average after RCS and EC is very similar to that of using the full
training data, and the data used by RCS-EC is only 1.67% of the full training data. To validate the time
transeint solutions using the DNN model, the position x with respect to time of the node B and the von
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Mises stress of the node A for arbitrary inputs were compared in Fig. 1 (left). The arbitrary inputs are
selected as follows: E = 180.478(GPa), v =0.2812 and @ = 500.27(rad /s). Prediction time of the DNN
model to get the responses in Fig. 1 is around 0.4 s.

In this work, we proposed an algorithm for efficient data-driven modeling of FMBD systems using DNN
and verified its performance. The DNN model obtained using this algorithm seems to be able to obtain
the simulation results in real-time for highly nonlinear FMBD systems.
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Figure 1: Piston-Cylinder system and the time transient responses of the node A and B. The position x
of the node A with respect to time ¢ (upper right) and the von Mises stress of the node B (lower right) for
the arbitrary inputs E = 180.478(GPa), v = 0.2812 and @ = 500.27(rad /s) are compared.
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Figure 2: The variation of % average according to data usage. The data usage of proposed RCS-EC
algorithm is only 1.67% of full data, and the average of %2 after EC is similar to the full data.
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