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ABSTRACT: A timely trend in gear transmission involves the replacement
of steel with polymers. Nevertheless, the absence of fundamental durability
data for polymer gears impedes their reliable application during power
transmission. The expensive and time-consuming gear fatigue experiments
make it impossible to rely merely on experimental data. In this study, a
strategy for contact fatigue life prediction of polymer gears via an
experimental-simulated hybrid data-driven model is presented. The hybrid
data are established with a certain mixture ratio of experimental and
simulation data and are augmented by the conditional tabular generative
adversarial network (CTAB-GAN) algorithm. This specific algorithm was
combined with the extreme gradient boosting (XGBoost) algorithm to
predict the contact fatigue life of gears made from different polymer materials, with the prediction accuracy controlled within a 3-
fold scatter band. Moreover, an empirical predictive formula for contact fatigue life was developed. The hybrid data-driven model,
which merges experimental and simulated data, allows for efficient estimation of fatigue life and material selection strategies,
generating insight into the anti-fatigue design of polymer gears.
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external environmental factors such as temperature and load. State-
of-the-art material selection for polymer gears significantly relies
on engineering experience, while insufficient experimental data
restrict their application in power transmissions.

The durability performance of polymer gears is affected by
lubrication conditions, molding processes, ambient temperature,
geometric structure, and so forth. A number of potential failure
modes can occur, including wear, thermal melting, contact and

1 Introduction

Compared with metallic gears, polymer gears have several
advantages, such as lightweight, low cost, corrosion resistance, and
high damping. In the early stages, polymer gears were used
primarily in motion transmissions for medical devices, office
equipment, and instrumentation. However, with advancements in
material science and molding technology, the load-carrying

capacities of polymer gears have distinctly increased. Polymer
gears have been used in aeroengines and renewable energy
vehicles to reduce costs and increase power density in power
transmissions [1]. There is an expanding trend in the power
transmission of polymers to replace metallic materials.

On one hand, Reitschuster et al. [2] examined the use of
polymer gears in a high-speed small electric vehicle,
demonstrating  their  feasibility = through  substantial
experimentation. On the other hand, Demsar et al. [3] studied the
use of polymer gears in drive reduction gearboxes for electric
bicycles, providing valuable insights to ensure their widespread
application. Establishing the load-carrying capacity of polymer
gears in power transmissions is a complex task because of the
wide range of polymer materials used and the critical impact of

bending fatigue, and tooth deformation. The intricate nature of
these factors and failure modes renders the study of polymer gear
durability a complex and challenging task. Several studies have
investigated the load-carrying capacities and failure modes of
polymer gears under dry contact conditions in light of their self-
lubricating properties. For example, Mao et al. [4, 5] conducted
load-carrying capacity tests of polyoxymethylene (POM) gears
under dry contact conditions and discovered the vital load
transition from wear failure to thermal melting. Concurrently,
Senthilvelan and Gnanamoorthy [6, 7] investigated the load-
carrying capacity and failure modes of polyamide (PA) gears,
focusing on the effects of the fiber type, tooth root fillet radius, and
torque-speed combination under dry contact conditions.
Nevertheless, the load-carrying capacity of polymer gears under
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Nomenclature
A Yield stress at the reference temperature and strain rate (MPa) Tirans Transition temperature (°C)
A* Accuracy index T(X,0;) Decision tree
B Strain hardening coefficient u Gear ratio
b; Tooth width (mm) x Data of the original sample
b, Common face width of the gear pair (mm) X Joint probability distribution
C Strain rate sensitivity parameter o Data of the generator
C* C,, G, Material constants 7r Elasticity factor
c Fatigue ductility exponent Zy Zone factor
D(x) Neural network of discriminator Ze Contact ratio factor
d, Reference circle diameter of pinion (mm) 7R Surface roughness factor
E Elastic modulus (MPa) « Modulus attenuation coefficient (MPa/°C)
E, Elastic modulus at 0 °C (MPa) Material constant
J%,y Expectation of the Wasserstein distance £ Strain rate
F, Nominal tangential force (N) & Reference strain rate
k Fatigue strength exponent eP True plastic strain
L Wasserstein loss function & Fatigue ductility coefficient
n Strain hardening exponent o Flow stress (MPa)
N¢ Fatigue life of the material point oH Maximum contact stress (MPa)
T Operating temperature (°C) Om Mean normal stress on the critical plane (MPa)
0 Tree number o'll Conventional monotonic ultimate tensile stress (MPa)
Py Generated sample distribution g’o Ultimate tensile stress at 0 °C (MPa)
P, Original sample distribution OHIimN Allowable contact stress (MPa)
SHmin Required minimum safety factor Aypa/2 Maximum shear strain amplitude on the critical plane
Troom Ambient temperature (°C) Aen/2 Normal strain amplitude on the critical plane
Trmelt Melting point temperature (°C) A Lubricant coefficient

dry conditions is limited because of the significant increase in
temperature. Hasl et al. [8] shed light on how oil-lubricated POM
gears can support transmission power of nearly 30 kW based
upon durability experiments, which presented an especially
significant stage in the development of polymer gears in power
transmissions. Under dry contact conditions, the load-carrying
capacity of polymer gears becomes significantly influenced by the
load conditions and operating temperature. The transition from
dry contact to oil lubrication makes fatigue failure the dominant
failure mode of polymer gears. Specifically, when polymer gears
with high geometric precision running under oil jet lubrication are
considered, contact fatigue failure becomes the primary failure
mode [9, 10].

Currently, fatigue experiments are the leading way to
investigate the contact fatigue performance of polymer gears, with
several studies employing numerical simulations. Illenberger et al.
[11, 12] utilized the group testing method to assess the contact
fatigue of stress vs. number of load cycles (S-N) curves for
polyether-ether-ketone (PEEK) gears under oil lubrication. This
supported the strength design for PEEK gears intended for power
transmissions. Additionally, Lu et al. [13, 14] performed
numerical analysis on the contact fatigue of POM gears given the
effect of temperature. These authors indicated that elevated
temperatures resulted in a decrease in the contact fatigue
performance of gears, despite lower contact stress.

Notably, while experiments and numerical simulations provide
effective methods for evaluating the contact fatigue performance
of polymer gears, practical limitations in terms of techniques,
time, and cost remain. For a specific metallic material, only one
S-N curve is needed, whereas for a selected polymer material,
owing to the polymer’s temperature-dependent properties, several
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S-N curves tend to be needed, considering different temperature
conditions. Fatigue experiments for polymer gears lead to a much
longer testing time, incurring higher costs. The analysis of fatigue
data relies primarily on an explicit regression algorithm, which
demands a substantial quantity of fatigue data to construct an
accurate model for gear life prediction. Numerical models
promote the efficient prediction of the contact fatigue life of the
polymer gear, following the complete outline of boundary
conditions. However, specific inherent issues of numerical
approaches remain, such as complex damage criteria, a lack of
validated data, and the inability to load sequence effects.

In recent years, machine learning (ML) has been more
prominently utilized to address the challenges posed by
oversimplified numerical simulations as well as time-consuming
fatigue experiments. ML has been popularly applied in gear
fatigue life prediction [15], data processing [16], and failure
mechanism analysis [17]. The present ML algorithms for fatigue
life prediction overwhelmingly include artificial neural networks
[18], support vector machines [19], and random forests [20].

Conventional ML algorithms demand a significant quantity of
experimental data, which can be quite challenging to obtain. To
increase the accuracy of life prediction, it is necessary to apply
active learning or transfer learning algorithms. Zhang et al. [21]
developed a transfer learning model to predict the stress—strain
curves of diverse additively manufactured fiber-reinforced
polymer composites, achieving satisfactory prediction accuracy. Li
et al. [22] proposed a transfer learning neural network framework
to predict the contact fatigue life of 18CrNiMo7-6 gears based on
fatigue data of AISI 9310 rollers. The framework significantly
minimized the required amount of test data. Nevertheless, owing
to the complex performance of different polymer materials,
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transfer learning has not yet matured sufficiently to transfer
fatigue lives between polymer gears. Nevertheless, the results
suggest a promising way of improving the life prediction accuracy
of ML models through data augmentation. Jia et al. [23] suggested
a Wasserstein generative adversarial network (WGAN)--extreme
gradient boosting (XGBoost) data augmented model to predict
the fatigue lives of POM gears, alongside a gear-life formula
considering temperature, load, and several other factors.
Currently, data augmentation is a prevailing technique in ML
models used for predicting the fatigue performance of
components made from the same material. However, it is critical
to acknowledge that different polymer materials present
substantial disparities. Employing a limited experimental dataset
for data augmentation between different polymer materials may
diminish the generalizability of the results.

This study offers a strategy for predicting polymer gear contact
fatigue life based on experimental-simulated data via a conditional
tabular generative adversarial network (CTAB-GAN)+XGBoost
algorithm. Contact fatigue experiments were conducted for POM,
PEEK, and polyketone (POK) gears, and a simulation model was
developed for the temperature of the polymer gears. The
experimental and simulated fatigue data were mixed, forming a
hybrid dataset, which was further augmented by the CTAB-GAN
algorithm. This specific algorithm was combined with the
XGBoost algorithm to predict the contact fatigue life of gears
made of different polymer materials. Additionally, an empirical
formula for calculating the contact fatigue life of polymer gears
according to material properties and loading conditions was
developed. Leveraging experimental-simulated hybrid data-driven
models to study the contact fatigue performance of polymer gears
will further benefit the design of high-performance polymer gears

for power transmissions.
2 Methodology

2.1 Contact fatigue experimental data

To generate experimental data, contact fatigue experiments were
conducted for polymer gears using a power-open gear test rig, as

demonstrated in Fig. 1. The test rig includes two primary spindle
boxes, a drive motor, guide rails, and a monitoring system. The
drive spindle box moves along the guide rail to adjust the center
distance. Accelerometers are installed on the bearing supports for
real-time vibration monitoring. Once the vibration signal value
exceeds 10%-20% over normal operation, the durability
experiment is automatically terminated. Gear tests were
conducted under oil/grease-lubricated or dry contact conditions.
To promote steady lubrication conditions, a jet lubrication system
with active control of the lubricant’s temperature in the range of
30-200 °C was applied. Additionally, the ambient temperature
was controlled at 23+2 °C.

In all the tests, the pinion was composed of 18CrNiMo7-6
carburizing steel. Following carburization and quenching, the
surface hardness reached 59-62 HRC. A digital automatic turret
microhardness tester (MHVS-1000AT, Aolongxingdi) was
utilized to perform hardness measurements, which permitted a
depth range of 1,000 pm. The intervals for measuring were 50 and
100 pm for depths of 0-100 pm and 100-1,000 pm, respectively.
At every point, three measurements were taken, and the average
value was calculated. Moreover, a load of 1,000 g was applied with
aload retention time of 12 s.

The polymer wheels were made of PEEK (Victrex, 450G),
POM (Duracon, M90-44), and POK (Hyosung, M630A), as
shown in Fig. 1(b). The main mechanical properties of the tested
polymer wheels and polyethylene-terephthalate (PET, from
Verein Deutscher Ingenieure (VDI) 2736 [27]) at 23 °C are shown
in Table 1.

Table 2 shows the geometrical parameters for the tested gear
pairs. The maximum specific sliding was maintained below 1,
ensuring that contact fatigue failure occurred before the other
failure modes. A white light interferometer (RTEC MFT-5000)
with a magnification of 10x and a spot size of 1.11 mm x 0.89
mm was used for the measurement of surface morphology. The
geometric accuracy was measured on a computer numerical
control (CNC) gear measuring machine (Klingelnberg, P26). The
metallic gears were ground to R, = 1.6 pm with a geometric
accuracy of Q7, whereas the polymer gears were hobbed to R, =
1.2-1.8 pum with a geometric accuracy of Q10, per the Chinese
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Fig. 1 Gear test rig and tested gears: (a) power-open gear test rig and (b) tested polymer gears.
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Standard GB/T 10095.1-2022 [24]. None of the tested gears had
tooth tip modifications.

The contact fatigue experiments of the polymer gears were
conducted following the Chinese Standard GB/T 14229-2021,
“Test method for gear contact fatigue strength” [25]. The input
speed was set as 1,000 r/min, and the output torques were 40, 60,
80, and 100 N-m. Following the German Guideline VDI 2736.2-
2014 [27], the maximum contact stress of the polymer gears oy
can be calculated as Eq. (1):

F-Ky u+l o — O * Zr
bw'dl u e SHmin

(1)

Ou=Ze T Ze Zg-

where oy represents the maximum contact stress with units of
MPa; Zg represents the elasticity factor; Zy corresponds to the
zone factor; Z, represents the contact ratio factor; Zg is the
surface roughness factor; F, is the nominal tangential force with
units of N; u is the gear ratio; b,, is the common face width of the
gear pair with units of mm; d, is the reference circle diameter of
the pinion with units of mm; oyp represents the permissible
contact stress; Oy represents the allowable contact stress; Sy
represents the required minimum safety factor.

The oil lubricant was MOBILGEAR SHC 627, classified as ISO-
VG100. The grease lubricant was a lithium-based grease whose
base oil was the 1-dodecene homopolymer 1-dodecane. The
fundamental properties of the lubricants are listed in Table 3.

The oil inlet temperature was controlled at 30, 40, or 80 °C,
while the oil feed rate was fixed at 1 L/min. Grease-lubricated

gears were operated in an open environment at an ambient
temperature of 23+2 °C. The contact fatigue failure criterion was
established according to the degree of pitting damage on the tooth
surface by intermittent stops and visual checking of the pitted
area. When the pitting area exceeded 10% of the total tooth
surface area or when 107 loading cycles were performed, the
experiment was halted.

As shown in Fig. 2(a), an infrared thermal imager (Fotric, 238)
with an emissivity of 0.95 was used to detect the gear bulk
temperature [26]. Furthermore, a thermal sensor was used to
measure the oil temperature at the outlet zone. The oil
temperature of the polymer gears remained stable during their
service life, as shown in Fig. 2(b). The tooth temperature of oil-
lubricated polymer gears remains independent of the output
torque, whereas that of grease-lubricated polymer gears increases
with the output torque, as shown in Fig. 2(c).

Figure 3(a) highlights how the PEEK gear fatigue experiments
result in contact fatigue failure, which manifests primarily as
surface pitting close to the pitch line. Surface pitting is the
dominant failure mode of the tested polymer gears. The
relationships between the contact fatigue S-N curves are outlined
in Fig. 3(b). The contact fatigue life of oil-lubricated PEEK gears is
1-2 times longer than that of POM gears at a given contact stress
and temperature. The contact fatigue life of oil-lubricated POK
gears is slightly lower than that of POM gears.

Table 4 details the test status of the polymer gears, including
information on the output torque, lubrication mode, tooth

Table1 Main mechanical properties of tested polymer wheels at 23 °C

Parameter PEEK POM POK PET
Grade ID 450G M90-44 M630A From VDI 2736
Density (g/cm’) 1.32 141 1.24 1.39
Elastic modulus (MPa) 3,600 2,700 1,350 2,800
Tensile strength (MPa) 95 62 58 75
Poisson’s ratio 0.38 0.3 0.47 0.33
Thermal conductivity (W/(m-°C)) 0.25 0.3 0.2 0.24
Melting temperature (°C) 334 165 222 250

Table2 Geometric parameters of tested gear pairs

Parameter Pinion Wheel
Normal module (mm) 3
Pressure angle 20°
Gear ratio 1.5
Centre distance (mm) 94.5
Root fillet factor 0.38
Teeth number 24 36
Tooth width (mm) 22 20
Tip diameter (mm) 81.26 118.28
Base diameter (mm) 69.22 106.24
Profile shifting 0.7873 0.9567
Gear accuracy GB/T 10095 Q7 GB/T 10095 Q10
Table 3 Basic properties of the lubricants
Parameter Value of oil Parameter Value of grease
Density (kg/L) 0.89 NLGI 1
Viscosity index 98 Drop point (°C) 200
Viscosity at 40 °C (cSt) 100 Flash point (°C) 260
Viscosity at 100 °C (cSt) 12 Penetration 310-340
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Fig.2 Temperatures of the polymer tested gears: (a) thermal image showing the bulk temperature; (b) oil temperature; (c) tooth temperature.
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Fig.3 Contact fatigue failure of polymer gears: (a) tooth pitting failure and (b) contact fatigue S-N curves.

Table5 Test conditions and results

Material Output torque (N-m) Lubrication Tooth temperature (°C) Contact stress (MPa) log(Ny)
40 87.93 7.10
60 120.40 6.66
Oil (oil temperature: 30 °C) 30
80 139.03 6.27
PEEK
100 155.44 6.12
60 108.21 6.01
Oil (oil temperature: 80 °C) 80
80 116.88 5.54
40 57.32 6.71
60 70.21 6.36
Oil (oil temperature: 40 °C) 40
80 81.07 5.93
100 90.63 5.32
POM
40 45 55.76 6.75
60 . 50 66.61 6.30
Grease (ambient temperature: 23 °C)
80 54 75.63 5.61
100 56 83.57 5.15
POK 40 Oil (oil temperature: 40 °C) 40 53.75 6.79
40 Grease (ambient temperature: 23 °C) 65 49.57 6.34
temperature, and median fatigue life, etc. The tooth temperature E=aT+E, (2)

of the oil-lubricated polymer gears is independent of the output
torque and is in good agreement with the oil temperature.
However, grease lubrication has a weak heat dissipation capacity;
thus, the tooth temperature increases gradually with increasing
output torque. When the output torque increased from 40 to 100
N'm, the tooth temperature of the POM gears increased from 45
to 56 °C, whereas the median fatigue life decreased from 5.62x10°
to 1.41x10° cycles.

2.2 Numerical simulation data

The thermoviscoelastic—plastic constitutive model was utilized to
outline the stress-strain responses of semicrystalline polymer
gears. The elastic part of the equation (Eq. (2)) assumes a linear
relationship between the elastic modulus and temperature,
expressed as

https://doi.org/10.26599/FRICT.2025.9441077

where E stands for the elastic modulus at an ambient temperature
of 0 °C, MPa; T corresponds to the operating temperature, °C; «
represents the modulus attenuation coefficient, MPa/°C.

The Johnson-Cook (J-C) model, a phenomenological model,
has been widely applied for predicting the flow stress of metallic
and polymer materials. Because strain failure was dependent on
the strain rate and temperature of semi-crystalline polymers, the
J-C model was utilized as follows, given by Eq. (3):

o=[A+B(e")"] (l—l—Cln (1—0—2)) a-r (3
where o represents the flow stress, MPa; A is the yield stress at the

reference temperature and strain rate; B stands for the strain
hardening coefficient; 1 represents the strain hardening exponent;
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https://doi.org/10.26599/FRICT.2025.9441077

9441077-6

Lu ZH, Liu HJ, Wei PT, et al.

€” is the true plastic strain; € is the strain rate; &, is the reference
strain rate; C represents the strain rate sensitivity parameter.
The temperature coefficient T*™ is calculated by Eq. (4):

'T*m _ { (T_ Troom)/(Tmell - Troom) 9 T > Ttrans

1, T < Toans @
where T, stands for the ambient temperature; T, represents
the melting point temperature; T, corresponds to the transition
temperature, which is defined as the critical temperature at which
the yield stress does not change. The mechanical properties of
semi-crystalline polymers, such as POM and PEEK, can be
determined via this constitutive relationship, as reported by Chen
etal. [28] and Lu et al. [13].

A Brown-Miller multiaxial fatigue criterion alongside the
critical plane method was employed to describe the contact fatigue
behavior of polymer gears [13]. It is assumed that a fatigue crack
initiates along the plane with the maximum shear strain and then
propagates along the normal strain direction on the critical plane.
Based on the previous work, the Brown-Miller fatigue model,
modified with the mean stress and lubrication effect, is expressed
as Eq. (5) [29]:

Mo | 88 _ 029Ny L CeoN) )

2 2 E

where Ay, /2 represents the maximum shear strain amplitude;
Ag, /2 refers to the normal strain amplitude on the critical plane;
0, is the mean normal stress on the critical plane; o; and &
represent the fatigue strength coefficient and fatigue ductility
coefficient, respectively; A represents the lubricant coefficient,
which indicates the effect of the lubrication mode, extreme-
pressure additives and other lubrication-related elements on the
contact fatigue life and is empirically taken as 1.2 in this work
[13, 14]; k is the fatigue strength exponent; c is the fatigue ductility
exponent; N; is the fatigue life of the material point; C, and C, are
material constants.

Several approximate relationships between the fatigue
parameters and tensile strength have been suggested for metals
and polymers. Among those relationships, Baumel and Seeger’s
relation [30] was used, expressed as Eq. (6):

0, =1.670,,€ = 0.35,k = —0.095,c = —0.69 (6)

where ¢, is the conventional monotonic ultimate tensile stress,
MPa.

The polymer materials, including POM, PEEK, PET, and POK,
exhibit an approximately linear relationship with temperature,
expressed as Eq. (7):

(a)

Polymer
wheel

Torque

(b) A Mesh size: 0.2 mm

B Meshsize: 0.1 mm

0, = BT+oa, (7)

where B corresponds to the material constant; o) reflects the
ultimate tensile stress at the reference temperature of 0 °C, MPa.

The numerical model was developed in Abaqus software
(Dassault Systems Simulia Co.). Five teeth of each gear were
generated in the numerical model, with the gear pair assembled to
mesh with each other, as shown in Fig. 4(a). To meet the
requirements of power transmissions, the output torque was set to
20, 40, 60, 80, and 100 N-m, whereas the ambient temperature was
set to 20, 40, 60, 80, and 100 °C. As full stress cycles must be
guaranteed  for  critical  material  points,  transient
temperature—displacement coupled analysis was conducted in this
study with the element type specified as CPE4RT. Mesh
refinement was conducted on the meshing flanks, using an
element size of 0.2 mm for the flanks of the steel gear and an
element size of 0.1 mm for the polymer gear, as demonstrated in
Fig. 4(b). The maximum von Mises stress in the subsurface near
the tooth pitch line is shown in Fig. 4(c), and the predicted contact
fatigue life in Fig. 4(d), implying that tooth contact fatigue cracks
sprout from the subsurface and progress to tooth pitting.

The element size was chosen based on the conducted mesh
convergence test, following the h-refinement method in Fig. 5(a).
Subsequently, the friction formulation of contact interfaces was
solved by the penalty function method, and the friction coefficient
was set to 0.04. The output torque was applied to the driven
polymer gear while the rotational movement of the steel pinion
was adjusted with a rotational speed of 1,000 r/min. The contact
stress results from VDI 2736.2-2014 [27] and the numerical
model, both of which are based on Hertzian pressure theory and
assume dry contact at the interface, show little difference under
different loading conditions, as shown in Fig. 5(b).

Several parameters influence the contact fatigue performance of
polymer gears, such as elastic modulus, contact stress, coefficient
of friction, tensile strength, and Poisson’s ratio. Thirty samples
were obtained through numerical simulation to establish the
simulated life data. In contrast to the experimental results for
POM and PEEK gears, the errors in the simulated lives were
within a 3-fold scatter band, demonstrating the validity of the
simulation, as shown in Figs. 6(a) and 6(b).

2.3 Life prediction via CTAB-GAN+XGBoost algorithm

The development process of the contact fatigue life prediction
model according to the hybrid data was derived, as shown in
Fig. 3. Experimental and simulated data were blended at a
predetermined ratio to establish a hybrid dataset of the contact
fatigue lives of polymer gears, and the simulated data were used to
extend the parameter range of the experimental data. The
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Fig.4 Numerical model for polymer gear contact fatigue life: (a) engagement model; (b) mesh refinement; (c) von Mises stress distribution; (d) life distribution.
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Fig.6 Numerical results of fatigue life: (a) comparison of simulated life values with experimental results for POM gears; (b) comparison of simulated life values with

experimental results for PEEK gears.

augmented data of the contact fatigue lives were effectively
generated from the hybrid dataset via the CTAB-GAN algorithm.
Consecutively, an XGBoost algorithm was trained on the
augmented data to predict the contact fatigue life of polymer gears
in terms of the elastic modulus, contact stress, coefficient of
friction, tensile strength, and Poisson’s ratio.

Gear fatigue data are typical tabular data. It is challenging for
conventional data augmentation algorithms, such as GANS,
variational autoencoders (VAEs), and adaptive synthetic sampling,
to capture the long-tail distribution of tabular data, which may
result in data imbalance. The CTAB-GAN algorithm, which is
designed for tabular data, was utilized to augment the hybrid data
of fatigue lives. Relying on the WGAN algorithm, the CTAB-
GAN algorithm uses the Wasserstein loss function with a gradient
penalty for more effective training convergence, expressed as
Eq. (8) [31]:

2
1= & p@]- & P+ E |(IW0(x)1,-1) ] ®
€ r X~PBy

where L represents the Wasserstein loss function; P, and P,
represent the generated sample distribution and the original
sample distribution, respectively; X¥ corresponds to the joint
probability distribution; x refers to the data of the original sample;
X represents the data of the generator; D (x) represents the neural
network of the discriminator; and ;IEP represents the expectation
of the Wasserstein distance under the joint probability
distribution.

The CTAB-GAN algorithm models continuous, categorical,

https://doi.org/10.26599/FRICT.2025.9441077

and intermixed variables through innovative data encodings. A
logarithm transformation was employed to decrease the difficulty
associated with generating continuous long-tail distributions of
tabular data. Detailed descriptions can be found in Ref. [32].
Convolutional neural networks with 64 feature channels were
chosen for the generator and discriminator in the CTAB-GAN
algorithm. The generator achieved an expansion of the space
dimension for the first batch of virtual data through several
upsampling and convolution operations. This process
concurrently minimized the number of feature channels,
ultimately generating virtual data that matched the dimensions of
the hybrid data. Henceforth, the dimension of the random noise
data was set as 100, which was produced by the generator. The
rectified linear wunit (ReLU) and batch normalization
(BatchNorm) functions were applied for information
transformation between layers. The output layer employed the
hyperbolic tangent (Tanh) activation function, whereas the
discriminator performed the convolution and down-sampling
operations from data generation, and gradually increased the
number of feature channels. A completely connected layer output
of the discriminator was utilized to showcase the evaluated result
of the virtual data. In each training iteration, the generator
produced a batch of virtual data. Afterwards, the discriminator
evaluated the consistency between this batch of virtual data and
the hybrid data to update the parameters of the generator.
Notably, with a learning rate of 2x10%, adaptive moment
estimation (Adam) was used to optimize the parameter updates of
the discriminator and generator. To avoid overfitting, weight
decay, known as the L2 regularization factor, was employed. A
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decrease in this parameter would, in turn, reduce the likelihood of
overfitting. In this work, the weight decay was set as 10°".

The life prediction method utilized was based on the XGBoost
algorithm demonstrated by Chen and Guestrin [33]. XGBoost, a
multiparameter algorithm for supervised learning, effectively
utilizes an integration and superposition strategy to connect
multiple decision trees into a series. The gradient boosting
algorithm was employed to minimize the loss incurred by
previous decision trees and promote new trees to update the
predictive model iteratively until the loss function reached a
threshold lower than the expected value [34]. Figure 7 outlines the
framework of the XGBoost algorithm. Initially, the first tree fitted
the polymer gear fatigue life data and provided a foreseen residual
W,. These predicted residuals were subsequently utilized as the
target for the second tree, generating predicted residuals W,, and
so forth until the final tree produced updated predicted residuals
Wi The objective function of the XGBoost algorithm is
exemplified in Eq. (9):

fu) = L T(X6) ©)

where T(X, 6;) is the decision tree, 8; represents a parameter, and
o is the tree number. The XGBoost algorithm was iterated 100
epochs, with the final prediction life obtained by aggregating the
regression values from weak learners with appropriate weighting.

To compare the effects of diverse types of augmentation
algorithms on the contact fatigue prediction of polymer gears, the
triplet-based variational autoencoder (TVAE) algorithm was used
to augment the hybrid data. The TVAE algorithm combines VAE
and triplet-based metric learning alongside feature perceptual loss
to learn latent representations enriched with more fine-grained
data. Detailed information about the TVAE algorithm can be
found in Ref. [35].

The root mean square error (RMSE) and life scatter band were

applied as evaluation indicators to assess the prediction accuracy
of the ML models. Moreover, the RMSE is defined in Eq. (10):

1 02
RMSE =,/ — Y, - Y;
se= 13 (- 1)

where Y; stands for the predicted life sample i, ¥; represents the
predicted life sample, and 7 is the number of samples. Overall, a
smaller RMSE indicates a smaller difference between the predicted
and actual lives; hence, a higher prediction accuracy.

The life scatter band determines the deviation between the
predicted life and the experimental life. In engineering practice, it
proves imperative to guarantee that the fatigue life error is within
a 3-fold scatter band [36]. Thus, the accuracy index A* was
specified as the probability of the predicted life within the 3-fold
scatter band, expressed as Eq. (11):

(10)

(11)

where n, is the number of predicted life samples within the 3-fold
scatter band.

A =" 2 100%
n

3 Results and discussion

3.1 Comparison of different ML models

To demonstrate the advantages of the present prediction model
via the CTAB-GAN+XGBoost algorithm, this section offers a
detailed comparison of the life results of numerous ML algorithms
on hybrid data. There are 10 experimental data samples of PEEK
and POM gears and 30 simulated data samples under different
loads and temperatures, with the validation data consisting of 19
experimental data samples of PEEK, POM, PET, and POK gears.
The TVAE and CTAB-GAN algorithms were chosen to
augment the hybrid data. Figure 8(a) shows the distributions of
hybrid and augmented data using the TVAE and CTAB-GAN
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Fig.7 Contact life prediction model with CTAB-GAN+XGBoost algorithm.
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algorithms. The distribution of augmented data samples equals
10,000, and the mixture ratio of the hybrid data between the
experimental and simulated data is set as 1:3. The distribution of
the augmented data via the CTAB-GAN algorithm is comparable
to that of the hybrid data. This similarity arises since the contact
fatigue life decreases as the elastic modulus increases. The
correlation between the elastic modulus and contact fatigue life in
the augmented data generated by the TVAE algorithm stands
apart from that observed in the hybrid data. This discrepancy may
negatively influence the prediction accuracy of ML algorithms.

As shown in Figs. 8(b)-8(d), the mean value and standard
deviation (STD) of the hybrid and augmented data were obtained
using a normal distribution function for elastic modulus,
maximum contact stress, and tensile strength. The comparison
indicates that the similarity between the augmented data via the
CTAB-GAN algorithm and the hybrid data is greater than that of
the augmented data via the TVAE algorithm. With respect to the
statistical characterization of the elastic modulus, the mean value
of the augmented data via the CTAB-GAN algorithm exhibited a

()

deviation of 11.8% from the hybrid data, whereas the STD of the
augmented data via the CTAB-GAN algorithm differed by 0.6%
from the hybrid data. Similarly, the mean value of the augmented
data via the TVAE algorithm deviated by 17.3% from the hybrid
data, exhibiting an STD difference of 13.4% between the
augmented data and the hybrid data.

Additionally, the STD of the tensile strength of the augmented
data via the CTAB-GAN algorithm differed from that of the
hybrid data by only 1.2%. In contrast, the STD of the tensile
strength of the augmented data via the TVAE algorithm differed
from that of the hybrid data by a significant 30%. Thus, the CTAB-
GAN algorithm is better suited than the TVAE algorithm for
addressing the statistical characteristics of hybrid data.

For the construction of life prediction models, the XGBoost
algorithm, random forest (RF) algorithm, and support vector
machine (SVM) algorithm were utilized. The prediction accuracy
of those ML models was evaluated considering various data, as
shown in Fig. 9. The CTAB-GAN+XGBoost model has the
highest prediction accuracy for the contact fatigue life of polymer
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Fig.8 Comparison of hybrid data with a 1:3 mixture ratio and augmented data via the TVAE and CTAB-GAN algorithms: (a) fatigue life distribution; (b) elastic
modulus distribution; (c) contact stress distribution; (d) tensile strength distribution.
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Fig.9 Comparison of prediction accuracy of different models: (a) RF; (b) SVM; (¢) XGBoost; (d) RMSE; (e) comparison of the lifetime scatter band.

gears in the context of this research. The predicted data for the
POM, PEEK, PET, and POK gears deviate from the experimental
data by no more than a 3-fold scatter band, as shown in Figs. 9(a)-
9(c). Figures 9(d) and 9(e) present a comparison of the life
prediction models following their RMSE and life scatter band,
respectively. The mean RMSE of the CTAB-GAN+XGBoost
model is 0.372, which is 52.6% lower than that of the XGBoost
model and 18.9% lower than that of the TVAE+XGBoost model.
This finding highlights the feasibility of utilizing the CTAB-GAN
algorithm for data augmentation.

Moreover, the prediction of contact fatigue life for POK and
PET gears via hybrid data continuously poses a substantial
challenge for the XGBoost, RF, and SVM algorithms. This is
evident from the predicted contact fatigue life exceeding the 3-fold
scatter band, indicating a significant deviation. This implies that
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the incorporation of simulated data alone proves insufficient to
improve the generalization of the life prediction algorithms,
whereas the application of data augmentation algorithms could
effectively control the prediction errors of contact fatigue life. The
A* within the TVAE+RF model is 70.6%, whereas the A* of the
TVAE+SVM model achieves 58.8%.

In contrast, the A* of the TVAE+XGBoost model is 82.3%. The
XGBoost algorithm achieves the highest prediction accuracy
among the three prediction algorithms because of its ability to
capture the nonlinear relationship characteristics of the fatigue
data. The XGBoost algorithm is an integrated approach that
incorporates the regularization and a second-order Taylor
expansion of the loss function, benefitting the robustness of the
algorithm to noisy samples and outliers in augmented data and
ensuring enhanced prediction accuracy.
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3.2 Effects of model parameters on prediction accuracy

The mixture ratio of hybrid data plays a critical role in the
prediction accuracy of the CTAB-GAN+XGBoost model, as
shown in Fig. 10. Notable differences can be seen in the space of
fatigue life data and elastic modulus distributions of the
augmented data with diverse mixture ratios, as shown in Figs. 10(a)
and 10(b). The mean elastic modulus of the augmented data with
a 1:1 mixture ratio equals 2,152 MPa, which closely aligns with the
mean elastic modulus of 1,914 MPa in the hybrid data.
Nevertheless, there are pronounced imbalances in the
augmented data with a 1:1 mixture ratio, leading to significant
aggregation around the mean elastic modulus. This imbalance
stems from the limited amount of simulated data available, which
constrains the coverage of the data augmentation process when a

) O
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1:1 mixture ratio is used. Alternatively, the augmented data with a
1:2 mixture ratio include numerous discrete samples in the space
of fatigue life data because of the insufficient quantity of simulated
data, degrading the augmented data quality. Figure 10(c) shows
the prediction accuracy of the contact fatigue life for various
mixture ratios. As such, the prediction accuracy is 47% for the 1:1
mixture ratio, increasing to 58.8% for the 1:2 mixture ratio and
becoming completely controllable within the 3-fold scatter band
for the 1:3 mixture ratio.

A comparison was performed to evaluate the prediction
accuracy of the CTAB-GAN+XGBoost model under various
mixture ratios, following five repetitions of the augmentation
process, as shown in Figs. 10(d)-10(f). The model prediction
performance significantly improves as the quantity of simulated
data increases. The prediction accuracy of the model constructed

1:3 mixture ratio
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Fig. 10 Effects of mixture ratio on model performance: (a) fatigue life data spaces; (b) elastic modulus distributions; (c) comparison of model prediction accuracies;
(d) comparison of RMSEs; (e) comparison of ASBs; (f) comparison of MSBs.
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with augmented data without any simulated data is the lowest. In
this case, the RMSE, average scatter band (ASB), and maximum
scatter band (MSB) are calculated as 0.93, 19.45, and 218.76,
respectively. Nevertheless, when the simulated data are increased
and the mixture ratio is decreased from 1:1 to 1:3, the RMSE
decreases from 0.5 to 0.37. Interestingly, with a mixture ratio of
1:3, the MSB decreases significantly to only 2.96, representing a
mere 1.4% of the ASB observed in the augmented data without
simulated data.

The number of augmented data is a vital factor that affects the
prediction accuracy of the CTAB-GAN+XGBoost model. The
distribution of diverse quantities of augmented data with a
mixture ratio of 1:3 in the space of fatigue life data is shown, along
with the distributions of the elastic modulus, in Figs. 11(a) and

) .

1,000 samples
9

11(b). Considering the mean value of the elastic modulus, the
error between 100 augmented data and the hybrid data is 14.9%,
and between 10,000 augmented data and the hybrid data is 0.8%.
As such, the amount of augmented data increases with increasing
data quantity. The prediction accuracy of the contact fatigue life
with different quantities of augmented data is displayed in
Fig. 11(c). With the 100 augmented data, the A* of the CTAB-
GAN+XGBoost model represents the contact fatigue life for PET
gears and POK gears as 33.3%, whereas that of the POM gears
and PEEK gears is controlled within a 3-fold scatter band. With
an increase in the number of augmented data to 1,000, the A* of
the CTAB-GAN+XGBoost model increases to 50% for the contact
fatigue life of the PET and POK gears. It is challenging for the
CTAB-GAN+XGBoost model to accurately predict the contact

9
107 1077 4
4
(] .
= 71 R 7
010 Tea 10
= %
& e i 5
5 10 \ 4 s 10
£ . ;
T J
S 10 = z 10
S5 e
& 2 ®I\
Wp S o
(b)
N 100 Mean = 2,220 | 200 Mean = 2,123 | 2 Mean = 1,897
Q STD = 787.09 STD=762.07 STD = 693.38
Q
= 50 100 1
L
[
0 0 | 0.
0 2,500 5,000 0 2,500 5,000 0 2,500 5,000
(c) E (MPa) E (MPa) 8 E (MPa)
8 3 8 5 2 "
1073 =2 Fold scatter band [ /’ W % ol /‘,"‘ o 10 ,.,’/5',"
& feeee- 3-fold scatter band |, & w550 g A
= 107+ i 2 :107' ,';'/ 2 a — 1074 ";’/ e
Zq: o e E A v, o* s R ‘//'
7 f,' LA = 5% v
é 106_ .;/ ,'{. A gloé— 2 1,;/ /'f'vv g 10()‘ ";/I’,'?
7 ey Y S, i "// ‘/'
= B 5 = PEEK & 4 ;.’v'-, ' £ %
8_ 10°+ /;" vt e POM 8105. 5% " Q10° ’.';’0-/,"
" 7l Y 5 R o X 2
m 5o s A PET [£9) s, ,‘/‘, U_] “y ,‘/"
10° el , el Tl . - : ) : —
104 10 106 107 108 10° 104 10° 10° 107 10 10° 10* 10° 10° 10”7 108 10°

Predicted life

10%

103 10* 10°

Number of samples

Predicted life

Predicted life

10 10° 10*
Number of samples

10°

10°
Number of samples

10° 104 10°
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fatigue life of polymer gears with ultra-limited augmented data. In
addition, Figs. 11(d)-11(f) demonstrate the correlation between
the prediction accuracy and the number of augmented data.

3.3 Prediction formula for fatigue life

To aid engineering applications, a formula for predicting the
contact fatigue life of polymer gears has been derived with the
help of the CTAB-GAN+XGBoost model. The influence and
contribution of material parameters and working conditions on
the contact fatigue life of polymer gears were specified using
10,000 augmented data with a 1:3 mixture ratio. Figure 12(a)
shows the influence of elastic modulus, maximum contact stress,
friction coefficient, tensile strength, and Poisson’s ratio on the
fatigue life of polymer gears, as per the SHapley Additive
exPlanations (SHAP). Among these factors, the maximum contact
stress is the leading factor in determining the fatigue life of
polymer gears. Moreover, the maximum contact stress has a
negative effect on the fatigue life of gear contact, which
corresponds to the observations in engineering practice. Another
critical effect on contact fatigue life is the elastic modulus and

(a)

(b)

tensile strength. The elastic modulus represents a negative effect
on the contact fatigue life of polymer gears, while the tensile
strength has a complex non-linear effect. As shown in Fig. 12(b),
the contributions are ranked following the SHAP value. The
contributions of the maximum contact stress, elastic modulus, and
tensile strength are 0483, 0.198, and 0.147, respectively.
Conversely, the contributions of coefficient of friction and
Poisson’s ratio are 0.0944 and 0.0779, respectively, indicating that
these impacts are negligible.

An empirical formula for the fatigue life of polymer gears was
derived, ignoring the effects of Poisson’s ratio and coefficient of
friction. Owing to its simplicity, Basquin’s formula (Eq. (12)) is
widely utilized in fatigue life calculations, like ISO 12107.2021 [37]
and ISO 6336.1-2019 [38], to describe the S-N curves:

S"N=C (12)

where S represents the stress, MPa; N refers to the fatigue life; m
and C* represent the material parameters.
Basquin’s formula does not consider the effects of the elastic
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modulus and tensile strength on the fatigue life. Figures 12(c) and
12(d) present the effects of the elastic modulus and tensile strength
on the S-N curves according to the CTAB-GAN+XGBoost
model. With a specific combination of tensile strength, friction
coefficient, and Poisson’s ratio, the contact fatigue life of polymer
gears with an elastic modulus of 1,000 MPa is approximately 107
cycles, whereas that with an elastic modulus of 4,000 MPa is less
than 10° cycles at a contact stress of 80 MPa.

Nevertheless, considering a specific combination of elastic
modulus, friction coefficient, and Poisson’s ratio, the contact
fatigue life of polymer gears with a tensile strength of 40 MPa
amounts to approximately 3x10° cycles, while those with a tensile
strength of 100 MPa exhibit a higher contact fatigue life of 2x10°
cycles under a contact stress of 80 MPa. As the contact stress
increases, the differences in contact fatigue life between polymers
with varying tensile strengths decrease. A linear relationship was
observed between the elastic modulus and fatigue life, whereas a
non-linear relationship existed between the tensile strength and
fatigue life.

Based on the data in Fig. 12(c), alongside the determination of
log(C*) and its fitting curve, m proves constant in Basquin’s
formula through Newton’s iterative method, as shown in
Fig. 12(e). Similarly, 1 is determined as per Fig. 12(f). The fitting
equation (Eq. (13)) can be expressed as

{C* _ 109.81+2.89><e’E/”8°4

, (13)
m=258—-9.45x10" x ¢}*

Like Figs. 10(a) and 11(a), Fig. 13(a) also shows the distribution
characteristics in the feature space of the proposed formula, while
Fig. 13(b) indicates a comparison of predicted lives via the
formula to experimental results. As the effects of Poisson’s ratio
and coefficient of friction on the contact fatigue life of polymer
gears were neglected, the prediction error was controlled within a
5-fold scatter band. This is acceptable for design reference in
engineering.

4 Conclusions

A strategy for contact fatigue life prediction was constructed
following a hybrid process of experimental and simulated data of
polymer gears via a CTAB-GAN+XGBoost algorithm. Moreover,
an empirical formula was suggested for fatigue life prediction of
polymer gears considering the effects of the maximum contact
stress, elastic modulus, and tensile strength. The primary
conclusions were as follows:

(1) A hybrid data-driven model via a CTAB-GAN+XGBoost
algorithm was proposed according to experimental and simulated
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life data. It achieved an acceptable generalization capability of life
prediction for polymer gears with small experimental samples,
outperforming other algorithms within a 3-fold scatter band.

(2) The contact fatigue performance of polymer gears was
significantly affected by the maximum contact stress, elastic
modulus, and tensile strength. The contributions of these factors
were 0.483, 0.198, and 0.147, respectively. Notably, the coefficient
of friction and Poisson’s ratio had negligible effects on the
performance.

(3) In light of the elastic modulus and tensile strength of
polymer materials, a fatigue life prediction formula for polymer
gears was derived. For PEEK, POM, PET, and POK gears, the
prediction error was maintained within a 5-fold scatter band,
which was acceptable and convenient for engineering purposes.

Further work is needed to consider the effects of fiber
reinforcement, humidity, and other factors on the contact fatigue
performance of polymer gears. To promote the replacement of
steel with polymers in the field of power transmission, it is critical
to further study the bending fatigue of polymer gears.
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