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Abstract: This study, which is based on Blending ensemble learning and a differential evolution algorithm, achieved the prediction of gear 
transmission error while considering micro-contact and the optimization of tooth profile modification. First, the micro-topography of the 
modified tooth surface was generated based on the conjugate gradient method. A modified spur gear model with a rough tooth surface was 
constructed, and its meshing process was simulated to obtain the static transmission error and calculate the peak-to-peak value. Second, on 
the basis of finite element modeling and simulation methods, the peak-to-peak values of the gear transmission error under different modifica‐
tion parameter conditions were obtained, and a dataset of 50 groups was constructed and divided into a training set and a test set. Eight 
single surrogate models were selected, and on the basis of the Blending ensemble learning strategy, base learners and meta-learners were op‐
timized to construct a prediction model for the peak-to-peak value of the gear static transmission error. The differential evolution algorithm 
was employed to optimize modification parameters, minimizing the peak-to-peak value of static transmission error, with finite element simu‐
lation verifying the reliability of the optimization results. Research findings indicate that utilizing RF, SVR, GBM, and RBF as base learners 
and RBF as a meta-learner in the Blending ensemble learning model yields the highest prediction accuracy, achieving a Mean Absolute Per‐
centage Error (MAPE) of 14.183%. This represents an average decrease in prediction error of 2.75% compared to single models. Further‐
more, the peak-to-peak value of static transmission error for the gear with optimized modification parameters was 3.69 μm, a reduction of 
23.19% compared to gears with randomly generated modification parameters, thereby validating the accuracy and reliability of the proposed 
method.
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1. Introduction

Involute spur gears are extensively employed in various mechani‐
cal equipment due to their superior manufacturing processes and 
transmission performance1-4. As gear transmission performance re‐
quirements continue to escalate and vibration and noise control dur‐
ing transmission become increasingly stringent, modification tech‐
niques have gained widespread acceptance to enhance gear mecha‐
nism performance. Micro-geometric parameters play a crucial role 
in reducing vibration and noise in gear mechanisms. Since these pa‐
rameters are directly influenced by gear machining accuracy and 
specific operating conditions, determining optimal micro-geometric 
modification parameters remains a key challenge and research fo‐

cus in gear structure optimization5-7.
Numerical simulation methods, particularly the finite element 

method, are extensively utilized in gear structure optimization8-11. 
Notably, Wu et al. 12 developed an accurate gear model and em‐
ployed the finite element method to determine the tooth profile 
modification (TPM) type and modification amount for a helical 
gear pair. Dynamic contact simulation experiments verified the ef‐
fectiveness of their method, using vibration reduction as the evalua‐
tion criterion. Mei et al. 13 combined finite element analysis with a 
genetic algorithm to simulate the meshing process of spur gears 
and optimize modifications. Their study compared the impact of 
different modification methods on transmission error fluctuation, 
revealing that arc-shaped and parabolic modifications can reduce 
error fluctuation by 90%, thus enhancing transmission stability and 
efficiency. Furthermore, Chen et al.14 investigated the effects of two 
tooth orientation modification methods (tooth end modification and 
symmetric crown modification) on the meshing performance of 
straight bevel gears using finite element analysis. The results indi‐
cate that tooth end modification is the optimal method for improv‐
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ing meshing performance under various installation conditions, re‐
ducing transmission error fluctuation and enhancing contact stress 
and bending stress distribution.

The numerical simulation method's complexity and lengthy cal‐
culation time hinder efficient micro-geometric modification optimi‐
zation of gears15-18. To address this, researchers employ meta-
models (or surrogate models) to predict system responses and iden‐
tify optimal micro-geometric modification parameters under spe‐
cific working conditions, streamlining the design process. Korta 
and Mundo et al. 19 explored the applicability of Gaussian process, 
Shepard k-nearest neighbor, and polynomial meta-models in gear 
optimization via response surface methodology. Their study found 
optimal modification parameters that reduced peak transmission er‐
ror and maximum contact stress while ensuring bending fatigue 
strength. Mohammed et al.20 developed a modification optimization 
method using Gaussian regression to construct a meta-model for 
peak-to-peak transmission error, contact pressure, and tooth root 
stress, followed by multi-objective optimization using genetic algo‐
rithm. While these scholars relied on single models for transmis‐
sion performance prediction and micro-modification optimization, 
single surrogate models have limitations in solving complex prob‐
lems and generalization ability. To overcome these limitations, en‐
semble learning methods combining diverse learners have been pro‐
posed and applied to gear structure optimization and fault detec‐
tion. Ensemble learning significantly enhances model generaliza‐
tion, reduces over-fitting risk, and improves robustness to noise and 
outliers. For instance, Liu et al. 21 combined ensemble learning and 
NSGA-II algorithm to optimize two-stage helical gear pairs in heli‐
cal hydraulic rotary actuators, enhancing power density and fatigue 
life. Wang et al. 22 proposed a multi-criterion fault feature selection 
and heterogeneous ensemble learning classification scheme for 
planetary gearbox fault diagnosis, demonstrating its effectiveness 
and robustness through experiments.

The above research based on numerical simulation and surrogate 
model methods can obtain the optimal modification parameters for 
gear mechanisms under various working conditions. Additionally, 
researchers have explored the impact of tooth surface micro-
contact on transmission performance, further refining gear optimi‐
zation23-25. Zhao et al. 26 established a fractal contact model suitable 
for tooth surface contact and explored the influence of roughness 
on the time-varying meshing characteristics of gears (including the 
meshing stiffness, static transmission error, load distribution ratio, 
and contact stress). The results show that the micro-contact of the 
tooth surface significantly affects the transmission performance of 
gears, and the selection of gear micro-modification parameters 
should also consider the influence of micro-contact. However, exist‐
ing methods do not consider the optimal tooth profile modification 
parameters under the influence of micro-contacts. Therefore, in this 
paper, considering the micro-contact of a specific rough gear sur‐
face, a transmission error prediction method based on Blending en‐
semble learning and a gear modification parameter optimization 
method based on a differential evolution algorithm are proposed, 
which rapidly predicts the peak-to-peak value of the gear static 
transmission error and optimizes the tooth profile modification pa‐
rameters.

This study employed a multi-step approach to optimize gear 
modification parameters. Initially, a modified tooth surface model 
incorporating micro-topography was developed using the conjugate 
gradient method and tooth profile modification technique. Finite el‐
ement modeling and meshing process simulation were then con‐

ducted to calculate the peak-to-peak value of static transmission er‐
ror. Subsequently, finite element models were created under vari‐
ous modification parameters using the simulation modeling 
method, generating a dataset through simulation. Eight surrogate 
models, including random forest and support vector regression, 
were trained. The Blending ensemble learning strategy optimized 
base learners and meta-learners to construct an ensemble learning 
model for predicting peak-to-peak static transmission error. Finally, 
combining the optimal prediction model with the differential evolu‐
tion algorithm, modification parameters minimizing peak-to-peak 
static transmission error under specific tooth surface roughness and 
operating conditions were determined. The finite element method 
verified the reliability of the optimization results.

2. Tooth surface modeling considering micro-
topography and tooth profile modification

Involute gears typically exhibit a rough surface at the micro‐
scopic scale, characterized by numerous micro-convex structures, 
due to factors such as manufacturing methods, machining errors, 
and surface wear. During meshing, contact deformations of these 
micro-convex structures cause transmission error fluctuations, lead‐
ing to significant vibrations and noise in gear mechanisms. This, in 
turn, affects gear system transmission performance. To mitigate vi‐
brations and noise, micro-geometry profile modification techniques 
are widely employed. However, the selection of optimal modifica‐
tion parameters is crucial, as it substantially influences vibration 
and noise reduction efficacy. Achieving optimal tooth profile modi‐
fication parameters for specific operating conditions and surface 
roughness requires accurate modeling of the gear surface, consider‐
ing its micro-topography, as a prerequisite for effective tooth pro‐
file modification. This precise modeling enables the identification 
of optimal modification parameters, enhancing transmission perfor‐
mance and minimizing unwanted vibrations and noise.

2.1. Micro-topography generation algorithm based on the 
conjugate gradient method

The generation of surface micro-topography using the conjugate 
gradient method primarily entails producing a set of point cloud 
data with specified statistical distributions for height, followed by 
the interpolation of a surface representing a rough surface that in‐
cludes micro-topography. The statistical distribution is character‐
ized by an autocorrelation function, which conveys both the spatial 
geometric information of the data and the correlations among the 
data points. The expression for the autocorrelation function of the 
height values of a three-dimensional rough surface micro-
topography is as follows:

R(τx,τy )= E{z(x,y)z(x + τx,y + τy )} （1）
In the expression for the autocorrelation function, E{⋅} represents 

the mathematical expectation of the random variable. τx and τy rep‐
resent the distances of any point in space relative to reference 
point (x,y) in the x- and y-directions, respectively. z(x,y) and z(x +
τx,y + τy ) represent the micro-topography height values at points 
(x,y) and (x + τx,y + τy ), respectively. When x = 0 and y = 0, 
R(0,0)= σ 2, σ represents the arithmetic square root of the height val‐
ues, which corresponds to the roughness of the three-dimensional 
surface.

In practical computations, surface micro-topography is often rep‐
resented via discrete data points. Therefore, the autocorrelation 
function of the height values is discretized into the following ex‐
pression:



Journal of Advanced Manufacturing Science and Technology 5(3) (2025) 2025018

2025018-3

R(τ i,τ j )=

1
(N−i)(M−j)∑k = 1

N−i∑
l = 1

M−j

z(xk,yl )z(xk + iΔx,yl + jΔy)

i = 0,1,⋯,n < N ; j = 0,1,⋯,m < M

（2）

where τ i and τ j represent the distances in the x and y directions, re‐
spectively, of any discrete point relative to the point (xk,yl ). N and 
M denote the number of data points in the x and y directions, re‐
spectively, whereas Δx and Δy represent the distances between adja‐
cent data points in the x and y directions, respectively. i and j indi‐
cate the number of intervals in the x and y directions, respectively, 
relative to (xk,yl ), and n and m represent the maximum number of 
intervals in the x and y directions, respectively. The autocorrelation 
length of surface micro-topography refers to the distance at which 
the autocorrelation function value decreases to a critical value v in 
a specific direction. For isotropic surface micro-topography, the au‐
tocorrelation lengths are uniform in all directions, indicating identi‐
cal statistical properties across all orientations. In contrast, for 
anisotropic surfaces, the autocorrelation lengths differ depending 
on the direction. In practical engineering applications, the autocor‐
relation function of various surface micro-topographies can typi‐
cally be approximated using an exponential function, with the key 
variables being the autocorrelation lengths in two mutually perpen‐
dicular directions. The exponential function expression used in this 
study is as follows25:

R(τx,τy )= σ 2exp
ì
í
î

ïïïï

ïïïï

ü
ý
þ

ïïïï

ïïïï
−2.3 ⋅ é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
ú( )τx

βx

2

+ ( )τy

βy

2 1 2

（3）

where βx and βy represent the autocorrelation lengths in the x and y 
directions, respectively. Patir et al.26 generated an N × M height ma‐
trix [zi,j ] with Gaussian distribution characteristics, which was very 
similar to a given autocorrelation function using a linear transfor‐
mation method. By incorporating the theory of the moving average 
model, the N × M height matrix [zi,j ] can be obtained from an (N +
n)×(M + m) independent random sequence [η i,j ] with a standard nor‐
mal distribution and an n × m autocorrelation coefficient matrix 
[hk,l] through the following expression25:

zi,j =∑
k = 1

n∑
l = 1

m

hk,lη i + k,j + l ;
i = 1,2,...,N

j = 1,2,...,M
 （4）

where [hk,l] is the autocorrelation coefficient matrix solved on the 
basis of the given autocorrelation function and where [ηi,j] is an in‐
dependent random sequence with a standard normal distribution, 
which needs to meet the following conditions25:

E(η i,jη k,l )= {1 if i = k,j = l

0 if otherwise
（5）

On the basis of Eqs. (1) and (2), the following expression can be 
derived25:

Rp,q = E(zi,j z i + p,j + q )=

∑
k = 1

n−p∑
l = 1

m−q

hk,lhk + p,l + q ,p = 1,2,...,(n−1),q = 1,2,...,(m−1)
（6）

This expression represents a set of n × m nonlinear equations, 
where [Rp,q] is the autocorrelation function matrix used to solve the 
autocorrelation coefficient matrix [hk,l ].

This study utilizes the conjugate gradient method to solve the 
nonlinear equation set, streamlining computations by leveraging 
differential forms of the equations and obviating the necessity for 
explicit expressions. Eq.(6) can be rewritten as follows25:

f ′i,j =∑
k = 1

n−p∑
l = 1

m−q

hk,lhk + p,l + q−Rp,q （7）

In the conjugate gradient method, the residual is typically set in the 

negative gradient form.
r(i) =−f ′i,j (x(i) ) （8）

where i represents the iteration number. The variable x is updated it‐
eratively through the following expression:

x(i + 1) = x(i) + α(i)d(i) （9）
In the expression, d(i) represents the search direction matrix of the 
conjugate gradient method, obtained through the Gram-Schmidt 
method; α(i) represents the parameter that minimizes the equation 
f (x(i) + α(i)d(i) ), which converges to the following expression25:

α =−ε [ f ′ (x)]Td
[ f ′ (x + εd)]Td−[ f ′ (x)]Td

（10）

In the expression, ε is an arbitrarily small non-zero number. The it‐
erative process for d(i) is as follows25:
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r(i + 1) =−f ′ (x(i + 1) )

β(i + 1) =
r T

(i + 1) (r(i + 1)−ri )

r T
(i)r(i)

d(i + 1) = r(i + 1) + β(i + 1)d(i)

（11）

During the iterative process, the initial value of the autocorrelation 
coefficient matrix [hk,l ] can be obtained through the following ex‐

pression25:
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h0
i,j = kci,j

ci,j =
Ri−1,j−1

(n−i + 1)(m−j + 1)

k 2 =
R0,0∑i = 1

n ∑j = 1

m c2
i,j

（12）

Given the global convergence condition εcg, the solution process 
converges when ||ri|| ≤ εcg||r0|| or the number of iterations i exceeds 

the given maximum number of search iterations imax.
By adjusting the autocorrelation lengths βx and βy in two direc‐

tions, it is possible to generate isotropic or anisotropic surfaces 
with specific textures. Altering σ can control the surface roughness. 
As shown in Fig.1(a), a rough surface with autocorrelation length 
βx = βy = 5 μm and surface roughness σ = 3.2 μm is presented. In con‐

trast, Fig. 1(b) shows an anisotropic surface with an autocorrelation 
length βx = 15 μm in the x-direction, βy = 5 μmin the y-direction, and 

a roughnessσ = 0.5 μm.

2.2. Micro-topography modeling of tooth profile-modified 
tooth surfaces

Fig. 2 illustrates the principle of uniformly dividing an involute 
curve using discrete data points. Point A is the starting point of the 
involute, Point D is the point at the tip of the tooth, and Point B is 
the tangent point of the tooth tip generating line with the base 
circle. The radius of the tooth tip circle is ra, the pressure angle at 
the tooth tip is αa, the length of the tooth tip generating line is pa, 

and the radius of the base circle is rb.
The polar coordinate formula for the involute curve is as follows:

ì
í
î

ïï

ïïïï

θ = tan α−α
r =

rb

cos α
（13）

where θ is the polar angle, r is the polar radius, rb is the radius of 
the base circle, and α is the pressure angle at a certain point on the 
involute. The arc length differential is

ds = r2 + r'2 dθ = rb tan αd tan α （14）
Let the arc length from point i to point i + 1 on the involute be de‐
noted as s; then, s can be expressed as
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s = ∫
α i

α i + 1

rb tan αd tan α

  =
1
2

rb (tan2α i + 1−tan2α i )

（15）

The involute discretization process involves substituting chord 

length for arc length between adjacent points on the involute and 

can be represented as

f ≈ s =
rb

2
(tan2α i + 1−tan2α i ) （16）

Given the pressure angle α i at point i, the pressure angle α i + 1 at 

point i + 1 can be obtained through the following formula:

α i + 1 = a tan( tan2α i +
2f
rb

) （17）

The polar radius at point i can be expressed as

ri =
rb

cos α i

（18）

The length of the generating line at point i can be expressed as
pi = rb tan α i （19）

Combining Eqs. (13) and (17), if the (r,θ) coordinates of a node 

are known, the (r,θ) coordinates of the next node on the involute 

can be determined. By applying coordinate transformation, the po‐
lar coordinates of the nodes are converted to Cartesian coordinates. 
Subsequently, knowing the Cartesian coordinates of all discrete 
nodes forming the involute in the x-y plane enables the creation of 
an ideal involute tooth surface with a uniform grid by extrapolating 
these nodes along the z-direction.

The ideal involute tooth surface, modeled using a uniform grid, 
can undergo modification based on tooth profile modification 
theory. Fig. 3 illustrates that the modification amount at any point 
on the tooth profile, in the direction of the generating line, is de‐
fined by parameters including maximum relief magnitude (CT at the 
tip and CB at the root), modification length (LT at the tip and LB at 
the root), and modification curve characteristics (typically compris‐
ing straight lines and parabolas). The modification amount at any 
point on the tooth profile can be expressed as

ì

í

î

ï
ïï
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eT (pi )= CT( )(pi−pc
i )

LT

n

 n = 1,2;  pi ∈[pc
i ,p

d
i ]

eB (pi )= CB( )(pb
i−pi )
LB

n

 n = 1,2;  pi ∈[pa
i ,p

b
i ]

（20）

where eT (pi ) and eB (pi ) represent the magnitude of the tip and root 

relief at any point on the tooth profile, respectively; pb
i  and pc

i  de‐

note the modification lengths corresponding to the upper and lower 

Fig. 2.  Uniform division of the involute curve using discrete data points.

Fig. 1.  Isotropic and anisotropic surfaces under different roughness 
conditions.

Fig. 3.  Tooth profile modification method.
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boundary points in the single-tooth engagement zone, respectively. 
pirepresents the modification length at any point on the tooth pro‐
file. n indicates the exponent of the modification curve; when 
n = 1, it represents linear modification, and when n = 2, it repre‐
sents parabolic modification.

This study exclusively implements tooth tip modification on the 
driving and driven gears. By subsequently integrating Eqs. (18), 
(19), and (20), the geometric parameters of individual points on the 
modified gear tooth surfaces can be computed:

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

p'i,j = pi,j−eT
i,j (pi )

r 'i,j = p'i,j
2 + r 2

b

α'i,j = a tan(
p'i,j
r 'i,j

)

（21）

where pi,j represents the generating line length of any point on the 
involute tooth surface; eT

i,j (pi ) denotes the tooth tip modification 
amount at any point on the involute tooth surface; and p'i,j, r 'i,j, and 

α'i,j are the generating line length, polar radius, and pressure angle 
of any point on the modified tooth surface, respectively.

Subsequently, by superimposing the surface micro-topography 
height information generated in Section 1.1 onto the corresponding 
data points of the ideal modified tooth surface, a modified tooth sur‐
face that takes micro-topography into account can be obtained. This 
process can be represented as
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p″i,j = p'i,j + zi,j

r″i,j = p″i,j
2 + r 2

b

α″i,j = a tan(
p″i,j
r″i,j

)

（22）

where p″i,j, r″i,j, and α″i,j represent the generating line length, polar ra‐
dius, and pressure angle, respectively, of any point on the modified 
tooth surface after considering the micro-topography. The process 
of tooth profile modification on the involute tooth surface and the 
superposition of surface micro-topography are illustrated in Fig. 4.

The process described above was implemented in MATLAB to 
model the modified tooth surface while considering micro-
topography, and the results are shown in Fig. 5.

3. Finite element modeling of modified gears 
and dynamic simulation of the meshing process

Finite element meshing of gears with rough modified tooth sur‐
faces is performed utilizing the commercial pre-processing soft‐
ware Hypermesh 12.0. The mesh density varies, with finer meshes 
on the tooth surfaces and coarser meshes in regions farther away 
from the surfaces. A three-tooth finite element model, comprising 
252516 meshes, is established as shown in Fig. 6(a). A paired mesh‐
ing gear finite element model is constructed, illustrated in Fig. 6(b), 
where the driving gear undergoes counter-clockwise rotation and 
the driven gear undergoes clockwise rotation. Each tooth of both 
the driving and driven gears is uniquely numbered. The gear param‐

eters are summarized in Table 1.
The finite-element model parameters are subsequently defined. 

The mesh element type is specified as SOLID185. Structural steel 
is designated as the gear material, with material parameters pro‐
vided in Table 2. The tooth surface contact is modeled as frictional 
contact, with a friction coefficient of 0.05. The meshing surfaces of 
the three teeth of the driven gear are designated as contact surfaces, 
while the corresponding surfaces of the driving gear are designated 
as target surfaces. The contact and target surfaces are discretized us‐
ing CONTA173 and TARGE170 elements, respectively.

Boundary conditions are applied as follows: rotational pairs are 
defined on the spoke surfaces of both the driving and driven gears, 
allowing rotation around the z-axis. The spoke surfaces are consid‐
ered rigid, with all degrees of freedom constrained except for 
ROTZ. The finite-element model is then imported into Ansys Work‐
bench, where kinematic pair loads are applied within the transient 
dynamics module. Specifically, the driving gear is subjected to a 
counter-clockwise rotational speed load, comprising an initial accel‐
eration phase followed by uniform speed rotation throughout one 
meshing cycle. Conversely, the driven gear is loaded with a 
counter-clockwise torque, applied via a ramp function, which in‐
creases linearly during acceleration and remains constant during 
uniform rotation.

The analysis settings are then configured. The entire analysis pro‐
cess is divided into five load steps, as illustrated in Fig. 7. The first 
load step addresses the acceleration phase and the torque loading 
process (from position 0 to position 1). Upon completion of this 
step, the gears begin meshing, followed by rotation at a uniform 
speed. The second load step involves the double-tooth meshing pro‐

Fig. 4.  Tooth profile modification and superposition of the surface micro-topography.

Fig. 5.  Modeling process of a modified tooth surface considering micro-
topography.
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cess, during which the first and second teeth of the driving and 

driven gears bear the load. At the end of this step, the gears transi‐

tion from double-tooth to single-tooth meshing. The third and 

fourth load steps represent the single-tooth meshing processes. 

Upon the completion of the third load step, the gears reach the 

nodal meshing position, and following the fourth load step, the 

gears transition back to double-tooth meshing. The fifth load step 

involves another double-tooth meshing process, where the second 

and third teeth of both the driving and driven gears carry the load. 

Upon the completion of all load steps, the dynamic simulation of a 
complete meshing cycle at a specific rotational speed is achieved.

After the dynamic simulation of the gear meshing process is 
completed, the rotation angles of the driving gear and the driven 
gear can be obtained at any time during the entire meshing process. 
The rotation angle of the driving gear at any time is denoted as θ1, 
and the rotation angle of the driven gear at any time is denoted as 
θ2. The static transmission error (STE) of the gear mechanism can 
be defined as the angular difference between the theoretical mesh‐
ing position and the actual meshing position of the driven gear and 
can be calculated via the following formula:

STE = rB1θ1−rB2θ2 （23）
where rB1 and rB2 are the base circle radii of the driving gear and the 
driven gear, respectively. The peak-to-peak static transmission error 
(PPSTE) is considered an important indicator for measuring the vi‐
bration and noise of the gear mechanism and can be calculated via 
the following formula:

PPSTE = max(STE)−min(STE) （24）

4. Blending ensemble learning and differential 
evolution optimization algorithm

4.1. Blending ensemble learning strategy

The concept of the Blending ensemble learning model originated 
from the strong demand in the field of machine learning to improve 
the performance of predictive models. In the Netflix Prize competi‐
tion, researchers have reported that the predictive ability of a single 
model is limited and that combining multiple models can signifi‐
cantly enhance the predictive performance. This led to the proposal 
of the Blending ensemble learning strategy, whose process is illus‐
trated in Fig. 8.

This process can be divided into the following steps:
(1) Data partitioning
The original dataset is partitioned into a training set and a test set 

according to a certain ratio, and then the training set is further di‐
vided into a validation set.

(2) Base learner construction and training
Multiple different types of base models, such as decision trees, 

support vector machines, and neural networks, are selected. Consid‐
ering the correlation of errors and the predictive performance of the 
models, the optimal models are chosen as the base learners of the 
ensemble learning model. Then, the newly partitioned training set 
(excluding the validation set) is used to train each base learner indi‐
vidually and predict on the validation set.

Fig. 6.  Finite element modeling of the meshing process of modified 
gears.

Table 1 Geometric parameters of gears.

Parameters

Number of teeth

Module (mm)

Pressure angle (°)

Tooth width (mm)

Addendum coefficient

Clearance coefficient

Driving gear

25

3

20

20

1

0.25

Driven gear

25

3

20

20

1

0.25

Table 2 Gear material parameters.

Parameters

Young's modulus (GPa)

Poisson's ratio

Density (kg∙m-3)

Structural steel

200

0.3

7850

Fig. 7.  Dynamic simulation of the gear meshing process.
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(3) Meta-learner construction and training
Combine the prediction results of each base learner on the valida‐

tion set as meta-features with the true labels of the validation set to 
construct a new dataset, which is called the meta-dataset. The in‐
puts of the meta-dataset are the meta-features, and the outputs are 
the true labels of the validation set. One or more meta-models are 
selected, and the constructed meta-dataset is used to train the meta-
models.

(4) Model evaluation and integration
The test set is used to evaluate the entire ensemble model (in‐

cluding base learners and meta-learners), and the meta-model with 
the highest prediction accuracy is selected as the meta-learner of 
the ensemble learning model. The base learners predict on the test 
set to obtain meta-features, and the meta-learner makes the final 
prediction on the test set on the basis of these meta-features. Evalu‐
ate the performance of the ensemble model by calculating evalua‐
tion metrics such as the mean squared error (MSE), mean absolute 
error (MAE), and mean absolute percentage error (MAPE).

4.2. Selection of learners in the blending ensemble learn‐
ing model

The predictive performance of the Blending ensemble learning 
model depends on the predictive performance of single models and 
the combined predictive effect of different models. The stronger the 
learning ability of a single model and the greater the algorithmic 
difference between different models, the better the predictive per‐
formance of the ensemble learning model. It is necessary to com‐
prehensively consider the model differences and prediction accu‐
racy while selecting several models as the base learners and meta-
learners of the Blending ensemble learning model. The selection 
method is as follows: 

(1) First, the Pearson correlation coefficient is used to calculate 
the degree of error difference for each model. The calculation 
method is as follows:

Pxy =
∑

m

i = 1

( xi−x̄)(y−ȳ)

∑
m

i = 1

(xi−x̄)2 ∑
m

i = 1

(yi−ȳ)2

（25）

In the formula, xi and yi represent the elements of each model 
vector, and x̄ and ȳ are the average values of the elements in each 

vector. According to the Pearson correlation coefficient, the Pear‐
son correlation diagrams of each model are drawn to determine sev‐
eral models with the highest error correlation, and then the model 
with the lowest mean absolute percentage error (MAPE) is selected 
as one of the base learners of the ensemble learning model.

(2) Among the remaining models with relatively low error corre‐
lations, several models with the lowest mean absolute percentage 
error (MAPE) are selected as the other base learners of the en‐
semble learning model.

(3) Several models are used as meta-learners of the ensemble 
learning model for training, the mean absolute percentage error of 
the ensemble learning model prediction under each meta-learner is 
compared, and the meta-learner with the highest prediction accu‐
racy is selected.

4.3. Differential evolution algorithm

The differential evolution (DE) algorithm is a population-based 
heuristic search algorithm for solving continuous optimization 
problems. It was proposed by Rainer Storn and Kenneth Price in 
1995. Inspired by the genetic algorithm, it adopts unique mutation 
and crossover mechanisms. The overall process of the differential 
evolution algorithm is shown in Fig. 9, which mainly includes the 
following five steps:

(1) Initialize the population as {Xi( )0 ∣xL
i,j≤xi,j( )0 ≤xU

i,j; i=1,2,⋯,NP 

j = 1,2,⋯,D} and then randomly generate each population indi‐

vidual via the following formula:

xi,j( )0 = xL
i,j + rand(0,1)⋅ ( )xU

i,j−xL
i,j （26）

where Xi( )0  represents the i-th individual in the 0-th generation of 

the population, xi,j( )0  represents the j-th gene of the i-th individual 

in the 0-th generation, NP represents the population size, and 
rand(0,1) represents a random number uniformly distributed in the 

interval (0, 1).
(2) Mutation: The mutation operation is a crucial component of 

the differential evolution algorithm, facilitating individual diversifi‐
cation through differential operations. This process involves ran‐
domly selecting two distinct individuals from the population and 
computing their vector difference. The resulting difference is then 
scaled and combined with the target individual to be mutated. Sev‐
eral differential strategies are commonly employed, including:

Fig. 8.  Blending ensemble learning framework.
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vi (g + 1)= xi1
(g)+ F ⋅(xi (g)−xij (g))

i ≠ r1 ≠ r2 ≠ r3

（27）

In the formula, F is the scaling factor, and xi (g) is the i-th indi‐

vidual in the g-th generation population. During the evolution pro‐
cess, the validity of the newly generated solutions must also be en‐
sured. Therefore, it is necessary to determine whether the generated 
solutions meet the boundary conditions. If not, they need to be re‐
generated. The g-th generation population can be represented as

{xi (g)|xL
i,j ≤ xj,i (g)≤ xv

i,j,i = 1,2,⋯,NP; j = 1,2,⋯,D} （28）
The mutated g-th generation population can be represented as

{xi (g + 1)|xL
i,j ≤ xj,i (g + 1)≤ xv

i,j,i = 1,2,⋯,NP; j = 1,2,⋯,D} （29）
(3) Crossover: The g-th generation population and the mutated 

intermediates are used for crossover. This process can be repre‐
sented as

ui,j( )g + 1 =
ì
í
î

ïï

ïï

vi,j( )g + 1      if rand(0,1)≤CR or j = jrand

xi,j( )g                                  otherwise
（30）

where CR represents the crossover probability and where jrand repre‐

sents a random integer.
(4) Selection: The greedy algorithm is used to select the popula‐

tion individuals for the next generation. This process can be repre‐
sented as

xi (g + 1)=
ì
í
î

ui (g + 1)     if  f (ui (g + 1))≤ f (xi (g))

xi (g)                otherwise
（31）

(5) Termination conditions: Repeat steps 2 to 4 until a certain ter‐
mination condition is met, such as reaching the maximum number 
of iterations or the quality of the solution reaching a predetermined 
threshold.

5. Prediction of the gear static transmission er‐
ror peak-to-peak value and optimization of 
tooth profile modification

5.1. Dataset generation and surrogate model selection

The modification parameters include the maximum modification 
amounts at the tooth tips of the driving and driven wheels, CT1 and 
CT2, and the modification lengths of the driving and driven wheels, 
LT1 and LT2. The range of the former is 0 μm to 18 μm, and the 
range of the latter is 2.7085 mm to 5.417 mm. The Latin hypercube 
sampling (LHS) method is used to randomly generate 50 sets of 
modification parameters. According to the modeling method in 
Chapter 3, 50 sets of modified driving and driven gears are con‐
structed. The geometric and material parameters of the gears are 
shown in Tables 1 and 2. The tooth surface roughness of the driving 
and driven wheels is set to Ra0.5 and Ra3.2, respectively. Under 
the working condition that the load of the driven wheel is 100 N·m, 
the meshing processes of the 50 sets of modified gears are simu‐
lated via the finite element method, and the peak-to-peak values of 
the static transmission errors of each set of modified gears are cal‐
culated. Finally, a dataset of 50 sets of data is obtained. The dataset 
is divided into a training set and a test set at a ratio of 8:2, and then 
the training set is divided into a new training set and a validation 
set again at a ratio of 8:2.

Eight surrogate models, including random forest (RF), support 
vector regression (SVR), the radial basis function (RBF), the gradi‐
ent boosting machine (GBM), CatBoost, XGBoost, AdaBoost, and 
Extra-Trees Regressor are selected. We train them on the new train‐
ing set and then calculate the mean absolute error (MAE), root 
mean square error (RSME), and mean absolute percentage error 
(MAPE) of the test set data. The calculation formulas are as fol‐
lows:

MAE =
1
n∑n

i = 1

| yi−ŷi| （32）

RMSE =
1
n∑i = 1

n

( )yi−ŷi

2
（33）

MAPE =
100%

n ∑
n

i = 1 |

|
|
||
||

|
|
||
| ŷi−yi

yi

（34）

In the formula, n is the number of samples, ŷi is the predicted value 
of the peak-to-peak value of the static transmission error, and yi is 
the true value of the peak-to-peak value of the static transmission 
error.

5.2. Prediction of the peak-to-peak value of the static 
transmission error based on blending ensemble learning

To construct a Blending ensemble learning model with the high‐
est prediction accuracy, it is necessary to comprehensively consider 
the prediction accuracy and differences among the abovementioned 
eight single surrogate models and preferably select four base learn‐
ers and one meta-learner. The prediction accuracies of these eight 
surrogate models are shown in Table 3. The prediction perfor‐
mances of various models vary greatly. For example, when the 
MAPE is taken as the evaluation index, the accuracy of the RBF is 
the highest, whereas the accuracies of XGBoost and the GBM are 
relatively low. When selecting the base learners of the Blending 
ensemble-learning model, not only the prediction accuracy of a 
single model but also the algorithm differences between different 
models should be considered. The Pearson correlation coefficient is Fig. 9.  Overall process of the differential evolution algorithm.
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used as the correlation index to calculate the error differences of 
each model and draw the Pearson correlation diagram. The error 
correlations of each model are shown in Fig. 10.

The figure shows that the error correlations of the RF (Random 
Forest), ETR (Extra-Trees Regressor), and ADA (AdaBoost) mod‐
els are relatively high. Selecting these three models simultaneously 
as base learners for Blending ensemble learning increases the over‐
fitting risk. Therefore, among these three, the RF with the smallest 
mean absolute percentage error (MAPE) is selected as one of the 
base learners. Among the remaining five models with relatively 
low error correlations, three models with the lowest error correla‐
tions with the GBM are selected: support vector regression (SVR), 
gradient boosting machine (GBM), and radial basis function (RBF) 
as the other three base learners.

Each of the above eight single models is used as a meta-learner 
for Blending ensemble learning. The mean absolute error (MAE), 
root mean square error (RSME), and MAPE of different meta-
learners are shown in Table 4. The table shows that when the RBF 
is used as the meta-learner of the Blending ensemble learning 
model, all the error indicators of the model are the lowest, and the 
MAPE is only 14.183%.

In summary, the base learners used in Blending ensemble learn‐
ing are RF, SVR, GBM, and RBF, and the meta-learner is RBF. 
Compared with those of the single models, the prediction errors of 
the Blending ensemble learning model are lower, with an average 
decrease of 2.75%, which proves the accuracy and reliability of the 
adopted Blending ensemble learning method.

5.3. Optimization of tooth profile modification for spur 
gears

Based on the Blending ensemble-learning model exhibiting the 
highest prediction accuracy in Section 5.2, which targets the mini‐
mization of the peak-to-peak value of gear static transmission error, 
the differential evolution algorithm outlined in Section 3.3 is uti‐
lized to optimize modification parameters. The optimization algo‐
rithm's parameters are set as follows: maximum iterations at 1000, 
population size at 30, scaling factor F determined by the mutation 
parameter with a range of (0.5, 1), crossover probability CR at 0.7, 
and convergence tolerance at 0.01. The optimized modification pa‐
rameters for the driving and driven wheels are presented in Table 5.

To prove the accuracy of the optimization results, four sets of 
modification parameters were randomly generated. The meshing 
processes of the four sets of modified gears were modeled and 
simulated, and the peak-to-peak static transmission error (PPSTE) 
was calculated and compared with that of the optimal modification 
parameters. The modification parameters and the corresponding 
PPSTE values are shown in Table 6, and the static transmission er‐
ror curves are shown in Fig. 11. The gear pair optimized with the 
modified parameters exhibits the minimal fluctuation in static 
transmission error, with a peak-to-peak value (PPSTE) of merely 
3.69 μm. A comparative analysis with four additional gear pair sets 
featuring randomly modified parameters reveals an average reduc‐
tion of 23.19% in PPSTE. This notable decrease demonstrates a 
substantial enhancement in the vibration and noise reduction capa‐
bilities of the gear pair, thereby validating the efficacy and reliabil‐
ity of the proposed methodology in this study.

Fig. 10  Pearson correlation diagram.

Table 3 Prediction results of single surrogate models.

Meta-model

RF

SVR

RBF

ETR

GBM

CatBoost

XGBoost

AdaBoost

RSME (μm)

0.876

0.855

0.840

0.920

1.108

1.024

1.046

0.890

MAE (μm)

0.726

0.697

0.696

0.787

0.905

0.770

0.864

0.742

MAPE

15.968%

14.630%

14.401%

16.893%

20.864%

16.535%

19.906%

16.292%

Table 6  Comparison between randomly generated modification param‐
eters and optimization results.

Group number

1

2

3

4

Optimization 
results

CT (μm)

1.163

11.129

13.792

5.445

2.736

LT(mm)

4.681

4.783

4.232

4.394

4.454

CT(μm)

3.23

17.351

15.013

0.14

4.15

LT(mm)

5.329

3.274

3.059

4.125

3.57

PPSTE(μm)

5.535

4.674

4.613

4.305

3.69

Table 4  Evaluation indicators of the meta-learners.

Meta-model

RF

SVR

RBF

ETR

GBM

CatBoost

XGBoost

AdaBoost

RSME (μm)

0.813

1.073

0.880

0.950

0.853

0.821

1.046

0.898

MAE (μm)

0.670

0.8

0.663

0.705

0.709

0.675

0.864

0.809

MAPE

14.559%

17.025%

14.183%

15.143%

16.024%

14.729%

19.906%

18.214%

Table 5  Optimal gear modification parameters.

Type

Driving gear

Driven gear

Addendum modification 
amount CT (μm)

2.736

4.15

Modification length LT 

(mm)

4.454

3.57
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6. Conclusions

In this work, under the condition of considering the micro-
topography of the tooth surface and the micro-contact in the mesh‐
ing process, a surrogate model for predicting gear transmission er‐
ror was established, and the tooth profile modification parameters 
were optimized and verified. The following conclusions were ob‐
tained:

(1) A modeling method for the modified tooth surface consider‐
ing the micro-topography and a simulation method for the meshing 
process of the modified gear under micro-contact conditions are 
proposed. On the basis of the conjugate gradient method, the micro-
topography of the tooth surface is generated, and a modified gear 
model considering the micro-topography is established. The mesh‐
ing process simulation under the micro-contact condition is real‐
ized, the static transmission error curve is accurately drawn, and 
the peak-to-peak value of the static transmission error is calculated 
as a quantitative index of the static transmission error.

(2) A Blending ensemble learning model for predicting the peak-
to-peak value of the static transmission error of the modified gear 
was constructed. The finite element method was used to construct 
the dataset and train eight single surrogate models. Taking the 
mean absolute percentage error (MAPE) as the evaluation index, an 
ensemble learning model with random forest (RF), support vector 
regression (SVR), gradient boosting machine (GBM), and radial ba‐
sis function (RBF) as base learners and an RBF as a meta-learner 
was constructed, and the MAPE was only 14.183%. Compared 
with that of the single model, the prediction error of the Blending 
ensemble learning model decreased by an average of 2.75%.

(3) This study determines the optimal modification parameters 
that minimize the peak-to-peak value of gear static transmission er‐
ror under micro-contact conditions. Utilizing the differential evolu‐
tion algorithm, the Blending ensemble learning model is optimized 
with the minimization of peak-to-peak static transmission error as 
its objective. The resulting optimal modification parameters, veri‐
fied through finite element analysis, yield a peak-to-peak value of 
gear static transmission error of only 3.69 μm. This represents an 
average reduction of 23.19% compared to gear pairs with randomly 
generated modification parameters.
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