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Abstract：The contact force of the clearance joints in the mechanical system is strongly nonlinear, 

which is influenced by the amount of clearance, the material property of the parts and the contact 

state during movement. In some fields which need to control the dynamic response of mechanical 

system accurately, it is very important to predict the contact process of clearance joints and the time-

frequency characteristics of contact force. In this paper, a dynamic modelling method combining 

neural network model and co-simulation technology is proposed, which can effectively model and 

simulate the mechanical system with clearance. The contact friction data set is generated based on 

the friction experiment of sliding bearing, and the contact collision force data set is generated based 

on the theoretical model of impact force. The nonlinear contact force neural network model of 

clearance joints is constructed by deep learning method, and transplanted to Simulink. According to 

the 3D model of transmission test bench, the dynamic simulation model of mechanical system is 

established by using ADAMS, and the fusion of neural network model and traditional dynamics 

model is finally realized based on Simulink/ADAMS co-simulation technology. The creativity of 

this method lies in the use of neural network model to describe the clearance joints and the use of 

ideal constraints to describe other kinematic pairs. The combination of force and constraint can not 

only improve the accuracy of solution, but also ensure the fast calculation speed, which provides a 

feasible idea for the application of deep learning method in the direction of nonlinear system 

dynamics modelling. 

Key words：Clearance joints；Friction experiment；Nonlinear contact force 

model；Multi-body Dynamics；Deep learning；Co-simulation 
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0 Introduction 

In recent years, with the development and application of new technologies, the 

concept of intelligent manufacturing has risen rapidly, and high-end manufacturing 

has become an important indicator to measure the development level of a country[1]. 

Compared with the past, the performance requirements of modern mechanical 

systems are higher, more factors need to be considered in the development process, 

and the corresponding development costs are becoming higher and higher. 

Therefore, the high precision, high reliability and long life of mechanical systems 

have attracted people's great attention. This problem is particularly significant in 

the field of large ship manufacturing[2, 3], such as the design of rudder drive system, 

which needs to take into account the characteristics of large load, high operating 

frequency and so on, so it is necessary to study the dynamics characteristics of the 

system accurately in the design process. 

Mechanism is an important part of mechanical system, which can realize the 

transmission of power, motion control and other functions. Generally, the 

components in the mechanism are connected with each other by joints, which can 

be represented by a group of kinematic pairs in theory of mechanism. Nowadays, 

with the increasing complexity of the mechanism form, more and more components 

are included, and more and more kinematic pairs need to be adopted. An ideal 

motion pair can use a set of algebraic constraint equations to describe the motion 

relationship between two objects, which ignores the inaccurate mechanical 

response caused by practical engineering manufacturing factors such as mechanical 

fit clearance, material wear and manufacturing error[4], so it is generally only 

suitable for occasions with low accuracy requirements for the solution of system 

dynamics model. However, in precision instruments, aerospace, large ships and 

other important fields with high requirements for mechanical motion accuracy and 

strict control of vibration and noise, the collision and friction in the clearance joints 

have become the main factors affecting the performance of mechanical system[5, 6], 

especially when the mechanism has high motion speed and large load. Therefore, 

the establishment of an accurate contact model to describe the collision 

characteristics of clearance joints is a key problem to be solved urgently in multi-

body system dynamics[7-11]. 

Some scholars have done a lot of research on collision dynamics. Hunt and 

Crossley[12] hypothesized that the energy loss in the collision process was caused 
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by internal damping. Moreover, they established the relationship among damping 

viscosity factor, recovery coefficient, initial velocity of impact and contact stiffness, 

and then proposed an improved contact impact force model. Based on the work of 

Hunt and Crossley, Lankarani and Nikravesh[13] assumed that the energy loss in the 

collision process depends on the damping characteristics of the material, which is 

consistent in the elastic deformation process and the recovery process, and thus 

proposed a new nonlinear spring damping model based on Hertz contact theory and 

the recovery coefficient. Bai and Zhao[14] proposed another improved hybrid model 

of normal collision force based on L-N model. In addition to the contact impact 

force, the contact friction exists in the clearance joints of the mechanism. Friction 

phenomenon is very complex, which have been discussed and reviewed by many 

scholars, including Stribeck effect[15], friction hysteresis[16], pre-sliding 

characteristics[17], and critical friction[18]. In the process of dynamics modeling of 

mechanism with clearance, the influence of friction force on mechanism dynamics 

has attracted the attention of scholars[19-21]. 

In recent years, with the progress of artificial intelligence technology, deep 

learning has been gradually applied in the field of mechanical industry, including 

behavior prediction, pattern recognition, path planning and so on. This method has 

been applied more and more widely in solving nonlinear system problems, and its 

main characteristic is universality, that is, the ability to deal with parameters or non-

parameters of different nonlinear systems[22]. Alambeigi[23] used artificial neural 

networks (ANNs) approach, adaptive neural-based fuzzy inference system 

(ANFIS) technique and fuzzy clustering method (FCM) to predict the wear 

behavior of parts. Sun[24] proposed a prediction model of cutting tool wear and 

remaining useful life based on nonlinear Wiener process, quantified the uncertainty, 

improved the reliability of prediction, and accurately predicted the tool bending 

degree under different processing conditions. Soother[25] proposed a bearing fault 

diagnosis method based on UNET and vibration images, and realized intensive 

prediction at the pixel level through the lower sampling layer and upper sampling 

layer in the UNET model. Combined with deep learning, Zhao[26] proposed a motor 

fault diagnosis method based on stacked de-noising auto-encoder, which can extract 

features adaptively and unsupervised. Lu[27] used complementary ensemble 

empirical mode decomposition (CEEMD) to process and extract frequency bands 

containing fault features, and used deep convolutional neural network with 
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Bayesian optimization to classify bearing faults. Yang[28] proposed an acoustic 

emission spectrum feature extraction method based on time-frequency analysis, 

which can distinguish the changes from the aspects of time, frequency and energy 

intensity, so as to effectively describe the fault features contained in acoustic 

emission signals. Zhang[29] transformed the shortest path problem into a linear 

programming problem, using decision variables to represent the distance of possible 

paths, and further using biased consensus neural network to solve the corresponding 

linear programming efficiently. 

In addition, the co-simulation technology of virtual prototype simulation 

software ADAMS and mathematical software MATLAB/Simulink has been widely 

used in mechanical system dynamics modeling and solving[30-32]. For the clearance 

joints in non-ideal mechanism, it is difficult to describe the objective non-smooth 

and strong nonlinear characteristics if the ideal constraint method is used. 

Therefore, the force can be used to describe the dynamic characteristics of the 

clearance joints. On the basis of friction experiment and collision theory formula, 

this paper creatively combined deep learning method to construct and train a neural 

network model, which can fully describe the collision and friction characteristics of 

clearance joints, and realize the rapid prediction of contact force under different 

parameters. At the same time, based on ADAMS/Simulink co-simulation 

technology, the neural network model and the traditional dynamics model of 

transmission test bench were fused to obtain the hybrid dynamics model of the 

mechanical system, so as to achieve the goal of studying the system dynamics 

response accurately. 

1 Dynamic modeling method of clearance revolute 

joint 

The ideal kinematic pair can constrain the kinematic relationship between two 

components. However, the clearance is inevitable in practical mechanism, and the 

dynamic characteristics of mechanism with clearance can only be studied by the 

contact force. Revolute pair is the most common kind of kinematic pair in 

mechanical system. During the operation process of the mechanism, the 

phenomenon of "contact-free-recontact" will occur in the clearance revolute joints, 

and the transformation of motion state will produce collision and cause violent 

vibration. Contact collision and friction are typical phenomena of mechanisms with 
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clearance. The existence of clearance increases the collision force, and the 

amplitude of the acceleration and constraint reaction force at the joint during 

collision can reach several times or even tens of times of that without clearance, 

which also has a great influence on the friction between them. Therefore, the 

establishment of a precise model of clearance contact force is the key to accurately 

obtain the dynamic characteristics of the mechanism with clearance. 

1.1 Contact collision force model 

The collision joint model (FIG. 1) is the most commonly used clearance 

description model at present. It no longer assumes that the pin shaft and shaft sleeve 

are rigid, but takes into account the elastic deformation of the contact surface, and 

assumes that there are normal forces (impact force) and tangential forces (friction 

force) in the contact area. 

O1

O2

R1

R2

δ

  

Fig.1 Collision hinge model 

In the collision hinge model, a contact area is generated when the pin of 

clearance joint collides with the shaft sleeve, and elastic deformation occurs on the 

contact surfaces of the two components. The collision process is treated as a 

continuous process with a certain time scale and the continuous contact force model 

is used to deal with the collision process. The continuous contact collision force 

model is an approximate method to replace the complex deformation of the contact 

collision zone with a spring-damping system, and the energy loss during the contact 

collision process between the shaft and the bearing should also be included in the 

model. There are mainly the following types: linear spring damping model, Hertz 

nonlinear spring model, Hunt-Crossely nonlinear spring model[12], Lankarani-

Nikravesh nonlinear spring model[13], etc. Fig. 2 shows the force diagram of the 

clearance revolute joint. 
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Fig.2 Force diagram of the clearance revolute joint 

According to the reference[33], based on the Lankarani-Nikravesh model and 

the improved elastic model, a hybrid model of contact collision forces for clearance 

revolute joint is proposed, and its expression is as follows, where nK  is nonlinear 

stiffness coefficient, modD  is the improved damping coefficient,   and   are 

respectively the amount of deformation and impact velocity in the collision process, 

( ) −  is the initial velocity of the impact point, JR  and BR  are the radius of shaft 

and the radius of bearing, 1E  and 2E  are the elastic modulus of the shaft and 

bearing material, 1  and 2  are the Poisson's ratio of the shaft to the bearing 

material, ec  is the recovery coefficient and n is 1.5. 
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According to the position relationship between the shaft and the bearing, the 

impact deformation   and impact velocity   can be expressed by center 

distance a  and rate of center distance a . Δ represents the maximum clearance 

between shaft and bearing. g  represents the mapping relationship between the 

collision force nF  and the center distance and other parameters. Thus, the contact 

collision force can be expressed as: 
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1.2 Traditional contact friction model 

Sliding friction is the tangential force generated between the contact surfaces 

when two bodies move relative to each other. Its value is influenced by many 

different factors, including the geometry and material of the contact surface, 

displacement, relative velocity, acceleration, lubrication state, etc. Static friction 

models, such as Coulomb friction model[34], Stribeck model[35], Karnopp model[36] 

and seven-parameter model[37], are usually used to describe friction in studies on 

complex problems such as multi-rigid body dynamics. However, these traditional 

friction models cannot well describe dynamic characteristics of friction. 

The Coulomb friction model (as shown in Fig. 3(a)) assumes that the 

magnitude of friction is proportional to the normal contact force and independent 

of the relative sliding velocity. The formula is shown below, where f
F  is the 

sliding friction force, d  is the sliding friction coefficient, nF  is the positive 

pressure and v  is the relative sliding velocity. 

 sgn( )
f d n

F F v=  (6) 

In order to take the Stribeck effect into account, as shown in Fig. 3(b), an 

exponential model is introduced to describe it, where eF  is the external force, sF  

is the maximum static friction force, ( )F v  is the sliding velocity correlation 

function, cF  is the Coulomb friction force, sV  is the Stribeck velocity, sV  and 

  are all empirical constants,   is usually 1 or 2. When   is 1, it is the Tustin 

model; When   is equal to 2, it is the Gauss model 
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(a) Coulomb friction model          (b) Stribeck model 

Fig.3 Traditional numerical model of contact friction 

2 Dynamic model of clearance joint based on deep 

neural network 

The accurate description of contact forces is the basis of the study of the 

dynamics of multi-body systems with clearance. According to Equations (1) to (4), 

the nonlinear stiffness and damping coefficient of impact force are not only related 

to the material of the collider and the size of the clearance, but also related to the 

deformation in the contact process. The contact friction is mainly related to the 

material properties, geometric properties, sliding speed and other parameters of the 

collider. The contact force model of the clearance joint needs to consider factors 

such as material and contact process state comprehensively. In some occasions 

where the system dynamics needs to be studied accurately, it is difficult to achieve 

the requirements only through simple mapping relations of mathematical formulas.  

Deep learning method can excavate a large amount of data to solve complex 

problems, which is difficult to express clearly in a formal way. The algorithm is 

composed of multiple processing layers of nonlinear transformation, which can 

abstract the data to a higher level. In essence, it can also be understood as the 

mapping relationship between input data x and y. This paper takes Babbitt alloy 

bearings and engineering plastic alloy bearings as the main research objects. Since 

the properties of these two materials are very different, neural network models of 

clearance joint contact force will be established for these two bearings respectively. 
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2.1 Generation of training data 

2.1.1 Friction training data 

In order to study the dynamic characteristics of friction, the friction torque 

characteristics of sliding bearings are experimented. The schematic diagram of the 

experiment principle is shown in Figure 4, and the experimental site is shown in 

Figure 5. The test sample is one set of Babbitt alloy bearing and one set of 

engineering plastics alloy bearing. The electro-hydraulic servo valve controls the 

swing hydraulic cylinder to make the spindle angular velocity sinusoidal motion 

with an amplitude of 6°/s and a period of 40s. The relief valve regulates the inlet 

pressure of the solenoid directional valve, so that the downward and upward loading 

forces of the experimental shaft are respectively set to 0, 100kN, 150kN, 200kN 

and 240kN. During the experiment, the experimental shaft speed, the numerical 

values of torque sensors on both sides of the experimental bearing and other 

parameters were recorded, and their relationship with time was plotted. 

Experimental records of friction characteristics of Babbitt alloy bearings and 

engineering plastics alloy bearing are shown in Figure 6 and 7. 

Measuring

System

 

1- Electro-hydraulic servo valve; 2- Swing hydraulic cylinder; 3- Torque transmitter; 

4- Support bearing; 5- Lubrication pump; 6- sliding bearing; 7- sliding bearing seat; 8-relief valve; 

9- Solenoid directional valve; 10- Loading hydraulic cylinder; 11- Pressure transmitter 

Fig. 4 Schematic diagram of friction experiment 



11 

 

Fig. 5 Experiment on friction characteristics of sliding bearing 

 

(a)100kN                         (b)150kN 

 

(c)200kN                         (d)240kN 

Fig. 6 Curves of angular velocity and friction torque of Babbitt alloy bearing under different 

loading forces 
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(a)100kN                         (b)150kN 

 

(c)200kN                         (d)240kN 

Fig. 7 Curves of angular velocity and friction torque of engineering plastics alloy bearing under 

different loading forces 

In the process of data acquisition by sensors, outliers will be generated due to 

external interference, and these abnormal data will have a negative impact on the 

training of deep neural network. In order to eliminate the noise interference in the 

initial data, Gaussian weighted moving average filter is used to smooth the data 

containing noise. The comparison between original data and denoised data is shown 

in Figure 8. 

 

Fig. 8 Comparison of original data and denoising data 
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Before deep neural network training, data dimensionless processing is 

generally carried out, with the purpose of transforming data of different orders of 

magnitude to a similar range, eliminating the dimensional effect of variables, and 

making each variable have the same "performance" during model training. The 

dimensionless processing methods mainly include min-max normalization, 

nonlinear normalization, zero-mean normalization and so on. In this paper, the zero-

mean normalization method is used to conduct dimensionless processing on the 

friction data after denoising, and the formula is as follows, where   and   are 

the mean and standard deviation of the initial data. 

 
x

z



−

=  (9) 

Through the friction characteristic experiments of two kinds of sliding 

bearings, the experimental data are recorded to obtain the original data set. After 

denoising and dimensionless processing, 20 groups of data are obtained for the two 

kinds of bearings respectively. Among them, 20% (4 groups) were randomly 

selected as the validation set, another 20% (4 groups) were randomly selected as 

the test set, and the remaining 12 groups of data were selected as the training set. 

The length of the data varies due to the duration of the experiment. In this paper, 

each group of data is randomly sampled 5 times, and 2048 data points are sampled 

each time. The contact friction data set information is shown in Table 1. 

Table.1 The contact friction data set information 

 Training Validation Test 

Babbitt bearing 60 groups 20 groups 20 groups 

Engineering plastic alloy bearings 60 groups 20 groups 20 groups 

2.1.2 Collision training data 

In order to enrich the nonlinear contact force network, it is necessary to 

integrate the collision force model with the friction force model, so that the training 

process of the nonlinear contact force network has a certain physicality and 

generalization.  

A large amount of data is generated and used as input data through the 

relationship between contact impact force and center distance and other parameters 

described in formula (5). The material of the impactor is consistent with the sample 

used in the friction experiment, and Babbitt alloy and engineering plastic alloy are 

selected. In addition, other parameters related to the state of the collision process 
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are shown in Table 2, and the corresponding collision force is calculated. Among 

them, the maximum clearance Δ is sampled by uniform distribution, and the 

collision deformation  , collision deformation velocity   and initial collision 

deformation velocity ( ) −  are sampled by exponential distribution. All parameters 

are sampled within their general value range. 

Table.2 The contact collision data set information 

Parameter Range Sampling Number Remarks 

Maximum Clearance  (mm) 0~1.5 15 Uniformly Distributed 

Impact Deformation  (m) 0~1e-4 100 Exponential Distribution 

Impact Deformation Velocity  (m/s) 0~1 100 Exponential Distribution 

Initial Velocity of Impact Deformation ( ) − (m/s） 0~1 100 Exponential Distribution 

 Babbitt alloy Engineering plastic alloy 

Elasticity Modulus 50GPa 2.5GPa 

Poisson Ratio 0.3 0.4 

Recovery Coefficient 0.4 0.8 

Total Data 1.5e7 1.5e7 

Training Set 1e7 1e7 

Validation Set 2.5e6 2.5e6 

Test Set 2.5e6 2.5e6 

2.2 Nonlinear contact force network model 

2.2.1 1-D Convolutional Neural Network 

The most important feature of the Convolutional Neural Network (CNN) is 

that the network contains convolutional layers. Compared with the full-connection 

layer, the convolutional layer learns a local mode, which can make efficient use of 

data. In addition, Convolutional Neural Network also has the properties of sparse 

connection, parameter sharing, translation invariance and so on, and is widely used 

to process data with grid structure. The data set used in this paper belongs to time 

series data, which can be regarded as a one-dimensional grid formed by regular 

sampling on the time axis. For this serial processing model, the effect of 1D-CNN 

is comparable to that of Recurrent Neural Network (RNN), and the computational 

cost is lower. 

2.2.2 Network structure 

When 1D-CNN are used for processing text sequences, the one-dimensional 

convolutional layer is usually combined with the pooling layer, which is helpful to 

improve the computational efficiency. However, in practice, the pooling layer will 

cause the loss of features, resulting in the decline of the accuracy of the prediction. 
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Due to the small scale of the data set used in this paper, the computational resources 

needed for training are not considered to be saved, so the network model does not 

contain a pooling layer. 

As shown in Fig. 9, the deep learning network constructed in this paper 

consists of collision force network and friction force network, respectively 

containing three one-dimensional convolutional layers and one full-connection 

layer. The two networks are trained separately, and the results of the collision force 

network are transmitted to the friction network during prediction, as shown in the 

red line in the figure. 

In order to obtain a richer hypothesis space and take full advantage of multi-

layer expression, ReLU function is introduced as a nonlinear activation function 

and applied to one-dimensional convolutional layer. The results are also distributed 

in the negative part, so the activation function is not used in the final full connection 

layer. In addition, Adam, an algorithm for first-order gradient-based optimization 

of stochastic objective functions, is selected as the optimizer of the network model, 

and the loss function select the mean square error (MSE) and monitored the mean 

absolute error (MAE). 

 

Fig. 9 Deep learning network of nonlinear contact force model 

2.2.3 Results and analysis 

The training process of the contact force neural network model of the two 

kinds of bearings is shown in Figure 10. When the training iteration is 200 times, 

the mean square error (MSE) and mean absolute error (MAE) are close to 0, and 

the loss function of the validation set does not show obvious overfitting. The 

corresponding friction torque can be obtained by inputting the test set data into the 

trained model. Due to the large number of parameters contained in collision force, 

it is not convenient to plot. The comparison between predicted results of friction 

force and experimental data is shown in Figure 11. The data in Figure 12 and figure 

13 are the results of neural network output, showing the corresponding relationship 

between the loading force, relative angular velocity and friction torque of Babbitt 

sliding bearing and engineering plastic alloy sliding bearing. Among them, the 
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relative sliding angular velocity of Babbitt bearing shows an obvious inverse 

proportional relationship with the friction torque, and the greater the loading 

positive pressure is, the more obvious the trend is. On the other hand, when the 

relative sliding speed is low, the friction torque basically remains unchanged. When 

the speed is high, the friction torque increases with the increase of relative sliding 

speed. In addition, under the same loading force, the friction torque of Babbitt 

bearing is greater than that of engineering plastic alloy bearing. 

 

(a) Babbitt bearing (MSE&MAE) 

 

(b) Engineering plastic alloy bearing (MSE&MAE) 

Fig. 10 Curves of MSE and MAE during training 

 

(a) Babbitt bearing              (b) Engineering plastic alloy bearing 

Fig. 11 Comparison of experimental data and predicted data of friction force 
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(a) Babbitt bearing              (b) Engineering plastic alloy bearing 

Fig. 12 Friction characteristics of the sliding bearings 

 

(a) Babbitt bearing              (b) Engineering plastic alloy bearing 

Fig. 13 The relationship between sliding angular velocity and friction torque under different 

loading forces 

3 Hybrid dynamic model of transmission test bench 

3.1 The principle of modeling 

ADAMS is the most widely used and famous mechanical system simulation 

analysis software in the world at present, which can produce the virtual prototype 

of complex mechanical system and simulate its movement process truly. The 

contact force neural network model proposed in this paper cannot be directly 

applied to ADAMS, but can be programmed to transplant the model based on Keras 

into Simulink, so Simulink/ADAMS co-simulation technology is adopted here. 

The main idea of hybrid dynamics modeling (Fig. 14) is to divide the motion 

relations in the mechanism into ideal kinematic pairs and clearance joints, introduce 

the contact force as the external force of the system to replace clearance joints, and 

build a hybrid model of ‘force & constraint’ to study the dynamics characteristics 

of the mechanism. 
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In this paper, the mechanism dynamics model without clearance is established 

based on ADAMS, and the contact force model of the main sliding bearing is 

established in Simulink based on the neural network. Data exchange is carried out 

through the built-in interface of Simulink/ADAMS, and the contact force of the 

clearance joints is calculated in ADAMS as the external force. The position 

relation and other parameters between components are output to Simulink, so an 

algebraic loop is formed, and the final solution can obtain the multibody system 

dynamics characteristics of transmission test bench considering the clearance of 

the main bearing. 

 

Fig. 14 Principle of hybrid dynamic model 

3.2 Working principle of transmission test bench and ADAMS model 

Transmission test bench is mainly composed of experimental shaft, hydraulic 

cylinders, cranks, brackets and other components, and its basic structure is shown 

in Fig. 15. In the figure, the green part is the driving hydraulic cylinder, the red part 

is the experimental shaft, and the orange part is the load hydraulic cylinder, and the 

experimental shaft is equipped with the main sliding bearing fixed on the bracket. 

During operation, the hydraulic cylinder is driven to output the driving force, and 

the fork is controlled to make the reciprocating linear motion, and the crank drives 

the experimental shaft to make the reciprocating rotation motion. At the same time, 

the output force of the hydraulic cylinder is loaded to simulate the load of the rudder 

plate. 
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Fig. 15 The Adams model of transmission test bench 

The main sliding bearing is the research object. Due to the need of component 

matching in the design, regular assembly clearance will be formed in machining 

process. According to the above modeling idea, the six-component force is used to 

represent the contact force of the clearance joint in Adams model, and the standard 

kinematic pairs are established for the other parts according to the motion 

relationship. In addition, add motion at the drive hydraulic cylinder and add force 

at the load hydraulic cylinder, which points to the positive direction of Y-axis. 

Figure 15 shows the Adams model of transmission test bench. Meanwhile, the key 

parameters of Adams model are input or output by establishing state variables. 

3.3 Results and analysis of dynamic simulation 

In the process of dynamic simulation, a specific sinusoidal linear velocity drive 

is applied at the driving hydraulic cylinder, so that the angular velocity curve of 

crank and experimental shaft is shown in the figure. At zero time, the crank at the 

driving end is vertical and the initial angle is 0. The dynamic simulation is carried 

out. The result is the output of driving the hydraulic cylinder to move sinusoidally 

for one cycle. Lubrication is not considered for the clearance of moving pair, which 

is dry friction. 
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Fig. 16 The angular velocity curve of crank and experimental shaft 

3.3.1 Simulation results and analysis under different clearance sizes 

In order to study the influence of different clearance sizes on mechanism 

dynamics, the loading force is set at +10kN, and the maximum clearance are set at 

0.1mm, 0.25mm, 0.5mm and 1mm. Fig. 17 shows the simulation results of the 

hybrid dynamic model of transmission test bench with Babbitt alloy bearings. Due 

to the influence of the clearance joint, the impact force of the main sliding bearing 

appears obvious oscillation when the angular acceleration of the experimental shaft 

is switched between positive and negative, and the larger the clearance size is, the 

more intense the oscillation is. Fig. 17 (b) and (c) respectively show the y-direction 

(transverse) and z-direction (longitudinal) collision forces of the main sliding 

bearing. It can be seen that the transverse impact force is significantly greater than 

the vertical impact force in the process of mechanism movement. Therefore, the 

optimization of vibration and noise reduction of the system should focus on the 

transverse of the main sliding bearing. Fig. 17(d) shows the friction torque of the 

main sliding bearing. Since the hybrid dynamics model integrates the deep neural 

network model, the training set of friction torque is obtained from friction 

experiments, and it can be seen that the simulation results reflect the nonlinear 

characteristics of the friction torque of the sliding bearing. Fig. 18 shows the 

simulation results of engineering plastic alloy bearing, and it can be seen that the 

conclusion is basically consistent with babbitt alloy bearing. However, under the 

same working conditions, the impact force of engineering plastic alloy bearing is 

smaller, and the fluctuation frequency of impact force is obviously larger, and the 

friction torque obtained by simulation is also greatly different. The reason may be 

the difference in material properties. Babbitt alloy has larger elastic modulus and 
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smaller recovery coefficient. In addition, it can be seen from Figure 12 and 13 that 

the friction characteristics of the two materials are also quite different. 

 

(a) Impact Force                       (b) Impact Force Y 

 

(c) Impact Force Z                    (d) Friction Torque 

Fig. 17 Simulation results of state parameters under different clearance sizes  

(Babbitt bearing) 

 

(a) Impact Force                       (b) Impact Force Y 

 

(c) Impact Force Z                    (d) Friction Torque 

Fig. 18 Simulation results of state parameters under different clearance sizes  

(Engineering plastic alloy bearing) 
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3.3.2 Simulation results and analysis under different load conditions 

In order to study the influence of different load conditions on the mechanism 

dynamics, the maximum clearance is kept at 1mm, and the loading forces are set at 

respectively +10kN, +5kN, +1kN, -5kN and -10kN. Fig. 19 shows the simulation 

results of the hybrid dynamic model of transmission test bench. When the load force 

is in the positive direction of Y axis, the impact force of the main sliding bearing is 

proportional to the load force, while when the load force is in the negative direction 

of Y axis, the impact force decreases first and then increases with the increase of 

the load force. In addition, the impact force under positive load is greater than that 

under negative load when the load is the same, so is the friction torque. After 

analysis, the reason may be that the crank and experimental shaft of transmission 

test bench are controlled by angular velocity (Fig. 16), and their movement always 

deviates to the side of the driving hydraulic cylinder, so the relationship between 

the contact force and the load force of the main sliding bearing presents an 

asymmetric phenomenon. Figure 20 shows the simulation results of engineering 

plastic alloy bearing, and the conclusions are consistent with those in 3.3.1. 

 

(a) Impact Force 

 

(b) Impact Force Y 
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(c) Impact Force Z 

 

(d) Friction Torque 

Fig. 19 Simulation results of mechanism state parameters under different load conditions 

(Babbitt bearing) 

 

(a) Impact Force 

 

(b) Impact Force Y 
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(c) Impact Force Z 

 

(d) Friction Torque 

Fig. 20 Simulation results of mechanism state parameters under different load conditions 

(Engineering plastic alloy bearing) 

4 Conclusion 

Firstly, the friction experiment of sliding bearing is carried out, and the curves 

of sliding speed and friction torque under different loading forces are obtained. 

Combined with the model of impact force in revolute clearance joint, the training 

set of nonlinear contact force prediction model is established. Aiming at the 

problem that it is difficult to describe the nonlinear characteristics of the contact 

force of the revolute clearance joint, the author constructs and trains a nonlinear 

contact force neural network model based on 1D-CNN, and trains and tests it. The 

results show that the sliding angular velocity of the bearing has an obvious inverse 

proportional relationship with the friction torque, and the greater the positive 

pressure is, the more obvious the trend is. 

Second, this paper proposes a hybrid dynamic modeling method which 

integrates deep learning method and Simulink/ADAMS co-simulation technology. 

The authors used neural network model to describe the joints with clearances and 

ideal constraints to describe the other motion pairs. The force is combined with the 

constraint and successfully applied to the transmission test bench. The multi-rigid 

body dynamic characteristics of the transmission test bench with the clearance of 
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the main bearing are obtained. The results show that the transverse impact force is 

significantly greater than the vertical impact force during the movement of 

transmission test bench. By setting different simulation parameters, the influences 

of different clearance sizes, load conditions and material properties on the dynamic 

characteristics of the main sliding bearing of the transmission mechanism are 

compared and analyzed. 
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