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1. Introduction

A ball mill offers advantages such as large pro-
cessing capacity and high grinding fineness. Its working
principle involves driving the cylinder to rotate via a motor,
utilizing centrifugal force to propel the grinding balls and
materials into cascading and tumbling motions within the
cylinder [1]. The grinding effect is achieved through the in-
teraction between the media and the impact force exerted by
the falling grinding balls during dynamic motion, ultimately
achieving the purpose of ore comminution [2]. As a key
component of the ball mill, the grinding cylinder must oper-
ate under low-speed and heavy-load conditions for extended
periods. To ensure high strength and wear resistance, its
mass is typically significantly increased, which in turn im-
poses higher requirements on the load-bearing capacity of
the foundational structure.

During ball mill operation, the cylinder is sub-
jected to multiple forces including gravity, centrifugal force,
impact force, and friction generated by the movement of
grinding media and materials. The distribution of these
forces exhibits typical nonlinear characteristics, being
closely related to both operational conditions and cylinder
structural features [3]. However, traditional design ap-
proaches for ball mill cylinder structures remain are con-
strained by empirical knowledge and analogical reasoning.
This limitation leads to material redundancy and suboptimal
mass distribution, resulting in unnecessarily high cylinder
mass that ultimately restricts improvements in the ball mill's
energy efficiency [4].

The emergence of computational simulation tech-
nology has provided new approaches for mechanical analy-
sis of mill cylinders. Zhao employed the discrete element
method (DEM) to systematically analyze how key parame-
ters including mill speed, medium filling rate, and particle
size affect grinding efficiency [5]. Wu's model accurately
predicts the dynamic impact behavior of grinding media on
liner plates by accounting for buoyancy and resistance ef-
fects [6]. Bian simulated the motion behavior, collision dy-
namics, and energy transfer processes of particle groups by
adjusting the liner height and cylinder rotation speed [7].
Cleary conducted cross-scale modeling of crushing mechan-
ics based on particle crushing principles, investigating mill
grinding mechanisms, particle shape evolution patterns, and

impact energy distribution characteristics [8].

The integration of computer simulation technology
with modern structural optimization methods offers a novel
approach for mill cylinder design optimization. Xu devel-
oped a multi-objective genetic algorithm framework for op-
timizing the structural dimensions of the ball mill, achieving
synergistic optimization between cylinder weight minimiza-
tion and structural integrity through modal analysis and val-
idation [9]. Peng applied the principle of consistent regional
energy summation to improve mill crushing efficiency and
reduce energy consumption ratios through regional energy
quantification and optimization [10]. Ghayour investigated
key ball mill process parameters including milling duration,
feed-to-ball ratio, and rotational speed to obtain more uni-
form material powders [11]. Priftis focused on parametric
design and multi-objective optimization of assembly struc-
tures, modifying structural dimensions with flow resistance
minimization as the optimization objective, while demon-
strating the method's universal applicability [12].

Traditional numerical simulation methods for mill
cylinder structures suffer from low computational efficiency.
Proxy models, constructed by establishing input-output data
approximations, offer significant advantages in computa-
tional efficiency improvement. These models utilize sample
data from numerical simulations to achieve substantial effi-
ciency gains while maintaining accuracy [13]. In ball mill
lightweight design processes, employing proxy models to
replace traditional numerical simulation models can effec-
tively reduce computational complexity and accelerate de-
sign optimization efficiency. Pietro developed a hyperpa-
rameter optimization approach for Gaussian processes to ad-
dress costly black-box optimization challenges [14]. Sapo-
rito implemented reduced order models (ROM) as proxy
models to expedite multidisciplinary simulations, balancing
computational accuracy and efficiency through combined
gradient and global optimization methods [15]. Chuan in-
vestigated multi-agent negotiation models that decompose
complex problems into multiple sub-objectives or con-
straints, achieving global optimization through localized de-
cision-making and interaction providing distributed and
scalable solutions for complex multi-objective problems
[16].

However, the complex structure of the ball mill's
rotary body makes it difficult to determine the actual dimen-
sions of components like lining plates and bolt holes.



Consequently, these structural elements are often omitted in
solid modeling. To maintain accurate force representation
during load application, the gravity compensation method
[17] is employed. This approach distributes the weight of
omitted components to corresponding positions using
equivalent density, thereby ensuring the authenticity of
force analysis.

This study focuses on the overflow ball mill, whose
combined cylinder and liner mass of approximately 98.4
tons significantly exceeds the stable operational mass re-
quirement. Implementing a lightweight design for the ball
mill cylinder offers multiple benefits: 1. effective mass re-
duction of the cylinder structure, 2. decreased transportation
challenges and costs, and 3. reduced bearing capacity re-
quirements for equipment foundations. Furthermore, the op-
timized equipment demonstrated operational improvements
including enhanced rotational speed, faster response times,
improved material grinding efficiency, and increased unit
time production output [18].

The main contributions of this paper are organized
as follows. Firstly, we establish a three-dimensional struc-
tural model of the overflow ball mill and perform finite ele-
ment static analysis under heavy-load conditions. Secondly,
we conduct parametric finite element simulations to gener-
ate a design point sample set, from which we develop and
screen response surface surrogate models to identify optimal
solutions. Through goodness-of-fit analysis comparing
three response surface models, we select the model demon-
strating the best fitting performance. Finally, sensitivity
analysis reveals the dimensional parameters most strongly
correlated with ball mill mass and deformation.

2. Geometric Modeling and Critical Parameter Assign-
ment

The rotating assembly of the ball mill comprises
six key components, the bushing, fixing ring, hollow shaft,
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end cover, cylinder, and manhole cover plate (Fig. 1). The
cylinder serves as the core load-bearing structure, housing
both grinding media and processed materials. Its enclosed
grinding chamber is formed by end covers at both ends, ef-
fectively prevents material leakage during operation. Func-
tioning as the primary transmission component, the hollow
shaft supports the rotational movement of the entire assem-
bly. Through flange connections with the end covers, it ef-
ficiently converts motor power into cylinder rotation. The
bushing assembly features a stepped design that interfaces
with the cylinder's inner wall, establishing an elastic contact
surface that minimizes direct wear between abrasive mate-
rials and the cylinder structure.

Fig. 1 Section view of the rotary body of the ball mill:
1 — fixing ring, 2 — feed end hollow shaft, 3 — feed
end bushing, 4 — barrel, 5 — discharge end hollow
shaft, 6 — left-turn bushing, 7 — barrel, 8 — end cap

The key material parameters input for the finite el-
ement analysis are detailed in Table 1 [19].

The motion of grinding balls within the ball mill
cylinder is primarily governed by the mill's rotation rate and
medium filling rate [20]. In this study, the parameters were
set as follows: cylinder filling rate is 35%, void fraction is
40%, and rotation rate is 80%.

Table 1
Physical characteristics of the rotating part
Equivalent density, Tensile yield strength, Elasticity modulus,
Module Poisson ratio
kg/m? MPa MPa

Cylinder, Manhole cover 7850 345 200 0.3
Hollow shaft 7720 540 200 0.275

Bush 7860 500 210 0.28

Fixing ring 7900 900 200 0.28

Lining plate 1500 21 0.05 0.5

The grinding mechanism of the ball mill involves
the comminution of materials through mutual extrusion be-
tween the material and grinding balls, as well as the impact
of grinding balls on the material. Key assumptions include:
1. grinding balls maintain non-overlapping positions in the
vertical plane with their mass equivalent to the outermost
sphere; 2. the significant diameter difference between grind-
ing balls and the cylinder allows treatment of grinding balls
as discrete particles.

The critical speed of the ball mill is calculated us-
ing Eq. (1) and Eq. (2) as follows:

2
C
mgcosa=m——,
R

(1)

v, =27Rn,.

)

The operational speed of the ball mill is determined
by Eq. (3):

3)

n=g¢n,.



Fig. 2 Motion trajectory and overall throwing trajectory

During normal ball mill operation, As the cylinder
rotates, grinding balls are lifted to a certain height by cen-
trifugal force before being thrown downward by gravity,
with the centrifugal force magnitude being closely related to
the cylinder's rotational speed, grinding ball mass, and cyl-
inder radius [21], while the motion trajectories of both sin-
gle and multiple grinding balls are illustrated in Fig. 2.

The load distribution yields the material weight G,
and centrifugal force C; acting on the material moving cir-
cularly with the cylinder, as expressed in Egs. (4) and (5):
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where y is the mixed density of the mill and the material:
dG
G =[—or. (5)
g

The media mass and impact force of parabolic mo-
tion per unit time are shown in Egs. (6), (7) and (8):

dm, = g—La)rdr , (6)
g

P = [[dm, (v, ~v,.) ()

P, = [[dm, (v, -v,) 8)

The calculation results of relevant parameters are
shown in Table 2.

dG, =-grd0drL , 4)
Table 2
Attribute parameter table
Filling rate 0.35 Ball lifting speed V4, m/s 3.76
Voidage 0.4 Cylinder angular velocity £, rad/s 1.5142
Speed of rotation 0.8 Centrifugal force C1, N 146206
Angle of detachment o 50.98 Horizontal impact force Py, N 112257
Angle of fall 62.94 Vertical impact force Py, N 135304

3. Static Finite Element Analysis of Ball Mill Structure

This study employs a grouped mesh division ap-
proach for the cylinder structure [22]. The resulting mesh
consists of 751,754 elements and 1,332,998 nodes.

The hollow shaft of the ball mill is constrained ax-
ially and radially by its bearing assembly, while remaining
free in the tangential direction.

The total deformation plot in Fig. 3 reveals sym-
metric deformation of the cylinder, with the maximum de-
formation of 0.88527 occurring at the lower end of the
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Fig. 3 General deformation diagram
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Fig. 4 Equivalent stress diagram

cylinder and within the centrifugal force region. The ratio of
maximum deformation to cylinder diameter (0.0157%) falls
within the safe operating range.

Fig. 4 demonstrates minimal variation in the isoef-
fect diagram, with equivalent stress values ranging from
3.4E-4 to 3.4E-5 after scale range redefinition. Analysis re-
veals the maximum equivalent stress concentration at the
feeding end under abrupt transition conditions, with the
minimum safety factor of 6.536 significantly exceeding the
standard 1.5-2 requirement for conventional ball mills.

4. GA-Ensemble Response Surface Methodology for
Lightweight Design Optimization

During ball mill operation, the cylinder experi-
ences grinding media impacts and centrifugal loading,
where excessive deformation would accelerate liner wear
and reduce operational precision. The lightweight design
achieves structural mass reduction while maintaining re-
quired strength and stiffness.

Fig. 5 presents the input parameters comprising
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Fig. 5 Parameterized dimensions



flange radius P1, cylinder outer wall radius P2, flange thick-
ness P3, and inlet/outlet radius P4, with output variables in-
cluding mass P5, maximum total deformation P6, maximum
equivalent stress P7, and maximum equivalent strain P8,
while the design variable value ranges are constrained by
boundary conditions (Eq. (9)):

2945 < X, <2985
2790 < X, < 2860
80 < X, <100

1300 < X, <1379

The cylinder mass is minimized while satisfying
strength and stiffness requirements, with the optimization
objective function expressed in Eq. (10):

M(X)zM(Xl,XZ,X3,X4), (10)
where X; is the size of the four input parameter values and
M(X) is the total mass of the overflow type ball mill.

The constraint of equivalent stress is shown in
Eq. (11):

g (X)=d,,-[6]<0, 11
where Oy 1s the maximum value of the stress measured by
the experiment, [0 ] is the maximum value of the allowable
stress set, and the value is 80 MPa.

The constraint on the total deformation is shown in
Eq. (12):

gZ(X):Lmax_LSOa (12)

where Ly is the maximum value of deformation measured
by experiment, L is the maximum value of allowable defor-
mation set, and the value is 0.8 mm.

The optimization mathematical model for the ball
mill's rotary body dimensions and structural parameters is
formulated in Eq. (13):
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X, <2985
2790 < X, < 2860
80 < X, <100

1300 < X, <1379

(13)

Design points were selected using an optimal
space-filling approach (maximin distance design) to ensure
uniform distribution of experiments across the design space
for maximal information gain [23].

A total of 200 design points were generated, with
each parameter's data fully populating the variable ranges,
as detailed in Table 3.

As shown in Fig. 6, the input and output variables
are uniformly distributed across their specified ranges, en-
suring the reasonable accuracy of the design point data. This
also demonstrates the spatial filling efficiency between the
cylinder wall thickness and outlet radius, with the stable dis-
tribution of response points improving model robustness.

This method measures multivariate interdepend-
ence through color intensity gradients, where darker hues
(approaching 1) indicate stronger correlations between pa-
rameters [24]. It is based on the Spearman's rank correlation
coefficient as given in Eqs. (14) and (15):

63 d

i=1

== (14)
Pl n(nz—l)

d, = Rank (X,)- Rank(Y,). (15)

Fig. 7 reveals the strongest correlation (0.99) be-
tween mass and outer tube wall thickness radius, while
demonstrating respective correlations of +0.51 (inlet/outlet
radius vs. total deformation), -0.52 (vs. maximum equiva-
lent stress), and -0.57 (vs. maximum equivalent strain) for
other parameter relationships.

Table 3
200 simulation results of design points
Number Fl.ange ra- Out?r wall ra- Thickness, Inlet radius, mm | Quality, ke Deformation, Equivalent
dius, mm dius, mm mm mm stress, MPa
1 2945.1 2822.4 90.15 1351.5 214000.8 0.90122 54.098
2 29453 2822.7 86.55 1329.8 214629.0 0.84447 70.173
199 2984.7 2841.6 86.65 1336.9 237390.7 0.9014 53.367
200 2984.9 2827.3 91.25 1330.3 221978.8 0.86944 63.603
The response surface types of the meta-model are  given by Eq. (16) [25]:
mainly set as neural network, Kriging and genetic aggrega-
tion response surface. This paper determines the response y( X) =W, .G(W1 X +b, )+ b, . (16)

surface adopted for model optimization by comparing the
advantages and disadvantages of the three.

Based on a neural network, a three-layer response
surface model was developed, with its underlying principle

The output layer y(X) provides the neural network
prediction. Input variables are X, weights are ¥, hidden-to-

output weights are W,, and activation is o(z) = 1/(1+€°); b,
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Fig. 6 Space-filling sampling design

is employed for hidden layer, and b, is employed for output
layer.

The Kriging surrogate model approximates spatial
correlations between objective functions and variables [26],
with its principle given in Eq. (17):

X

new

indicates the current race, f{x) represents the
X,.,, represents the new population that is

new

where )(population
fitness function,
generated.

Based on the above three types of response surface
screening, the goodness of fit method is selected to screen
the best type of response surface. To assess the goodness of
fit of the response surface, a set of model accuracy metrics
can be employed [28].

The mathematical expression for the goodness of
fit is given in Eq. (19):

, (19)

where y, represents the predicted value for the i observation,
y; denotes the mean value of the observed responses for the
i group or sample.

The mathematical expression for the Root Mean
Square Error (RMSE) is given in Eq. (20):

RMSE = li(yi 'j}i)z (20)

ni=l1

The mathematical expression for the relative max-
imum absolute error is presented in Eq. (21):

21

The mathematical expression for the relative
mean absolute error is shown in Eq. (22):
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P20
P21

r0)=a(X)+ 3 4 olleosl),

(17

where y(X) is the predicted value of the kriging model, x(X)
is a mean function, /4; is a weight coefficient, ¢(||JX=X]||) is
the basis function representing the spatial correlation be-
tween the input variable X and a known sample point X;.
Genetic aggregation is an optimization method
based on genetic algorithm [27]. The principle of the genetic
polymerization response surface is shown in Eq. (18):

(18)

1ali-3d G000

RMAE =
n5 |y

(22)

The plot of normalized values assesses the model's
fitting accuracy, and the distribution of its points delineates
the valid prediction range.

The fitting performances of the three response sur-
faces are compared in Fig. 8 and Table 4.

The neural network excels in stress/strain predic-
tion with high R?, but shows overfitting in mass prediction
and lower reliability in deformation prediction based on
RMaxAE.

The Kriging model fits training data nearly per-
fectly (R?~1, RMSE=0) for mass, stress, and strain, yet gen-
eralizes poorly, especially for deformation with high valida-
tion errors.

The genetic aggregation model performs best over-
all, with training R?*~1 and small validation-training gaps,
outperforming neural network and Kriging methods. It
maintains better cross-validated Rdespite higher defor-
mation errors, offering superior accuracy, stability, and gen-
eralization.

Response plots illustrate the effect of dual-input
variations on a single output, allowing qualitative assess-
ment of output trends [29]. Fig. 9 demonstrates that com-
bined flange radius and outer wall thickness yield minimal
deformation.

5. Validation and Analysis of Optimization Results

The Multi-Objective Genetic Algorithm (MOGA)
is specifically designed to address optimization problems in-
volving multiple conflicting objective functions under com-
plex constraints [30], with detailed operational principles
provided in Egs. (23)-(26).

Adaptive distribution is a strategy that combines
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Fig. 8 Fitting effect of genetic aggregation: a — fitting effect
of neural network, b —kriging's goodness of fit graph,
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fitness evaluation and crowding distance to maintain popu-
lation diversity:

Fitness; = % +aCD,; | (23)

i

The selective probability of individual i is propor-
tional to its normalized fitness value:

Fitness,
N
ZFitnessj ’

J=1

P

select (l) =

(24)

The crossover and variation process generates oft-
spring through:
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Fig. 9 3D response surface diagram: combined effect of
flange radius and wall thickness on deformation

Child = Parent, + A( Parent, - Parent,). (25)

The parameter frontier update defines the new so-
lution set NewFront as:

NewFront = {x | 3y € Polutation, y € x} , (26)
where « is the diversity weight coefficient, F; is the compre-
hensive non-dominant rank, and CD, is the crowding dis-
tance.

Through the iterative process of MOGA, the solu-
tions asymptotically approach a stable state. In this process,
the primary constrained objective is mass minimization
(serving as the main constraint variable), while secondary
constraints-including maximum total deformation (< 0.8mm)
and equivalent stress (<80 MPa)-are simultaneously en-
forced. The iterative optimization process under equivalent
stress constraint is illustrated in Fig. 10.

Fig. 11 presents the genetic aggregation response
surface sensitivity analysis [31], quantifying global varia-
bles' influence magnitudes on output responses, where input
parameters include flange radius P1, cylinder wall thickness
P2, flange thickness P3, and inlet/outlet radius P4, while
output parameters comprise structural mass P18, total defor-
mation P19, equivalent stress P20, and equivalent strain P21.

The sensitivity analysis shows that the outer wall
radius and flange thickness most strongly improve geomet-
ric quality, while both significantly affect total deformation-

History of P20 sesies
Constraint Upper Limit (B0 MPa)

P20 - Maximum Equivalent Stress [MPa]

0z 03 04 06

Number of Points (.107)

os o7 o8 L] 1

Fig. 10 Iteration history plot of equivalent stress
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Table 4
Goodness of fit table
Parameter Mass Total deformation Stress Strain
Neural network
Key concepts about R? 1 0.67955 0.95131 0.97653
Key concepts of RMSE 28.646 0.025897 2.9994 1.3633E-05
RMSE verification points 50.44 0.02747 1.9635 9.0284E-06
Key concepts RMaxAE 0.35019 180.3 99.782 74.251
RMaxAE verification points 0.4529 186.95 40.657 34.598
Key concepts of RMAE 0.10166 39.463 16.15 10.309
RMAE verification points 0.16439 43.398 10.362 7.1942
Kriging
Key concepts about R? 1 0.67955 0.95131 0.97653
Key concepts of RMSE 4.1644E-08 7.6115E-09 3.0728E-06 4.6257E-11
RMSE verification points 0.36793 0.032504 3.2693 2.1135E-05
Key concepts RMaxAE 0 0 0 0
RMaxAE verification points 0 188.77 51.76 62.403
Key concepts of RMAE 0 0 0 0
RMAE verification points 0 49.513 19.138 17.287
Genetic algorithm
Key concepts about R? 1 1 1 0.99944
Cross-validation of R? learning points 1 0.80944 0.98172 0.99207
Key concepts of RMSE 0.296 9.8506E-09 7.8365E-06 2.1051E-06
Essential RMSE validation 0.36835 0.026717 1.5288 7.3133E-06
Cross-validation of RMSE learning points 0.31898 0.01997 1.8376 7.9235E-06
Key concepts of RMaxAE 0 0 0 7.3675
RMaxAE verification points 0 164.35 28.944 19.776
Cross-validation of RMaxAE learning points 0.0038194 202.22 66.237 40.591
Key concepts of RMAE 0 0 0 1.8641
RMAE verification points 0 41.937 8.4398 6.7649
Cross-validation of RMAE learning points 0.0011613 29.285 9.0483 6.6535
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Fig. 11 Sensitivity analysis
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Fig. 12 Comparison of candidate group and control group

radius increase actually reduces it. Equivalent stress mainly
depends on flange thickness and inversely relates to



inlet/outlet radius.

The analytical data conclusively identifies the cyl-
inder outer wall radius, flange thickness, and inlet/outlet ra-
dius as the dominant influencing parameters exhibiting the
most substantial overall impact on output variables, thereby
establishing them as the critical dimensional parameters.

The genetic aggregation response surface model
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employed 200 dataset points as iterative templates, starting
with an initial sample size of 4,000 and processing 800 data
points per iteration. After nine complete iteration cycles,
three candidate point sets were ultimately generated, with
specific data recorded in Table 5 and visually represented in
Fig. 12.

Table 5
Comparison between candidate sites and control groups
Parameter The first group The second group The third group The control group
Flange radius, mm 2979.9 2979.1 2980. 2965
Outer cylinder radius, mm 2794.8 27953 27948 2810
Flange thickness, mm 86.041 84.871 98.188 90
Import radius, mm 1341.8 1342.1 1342.4 1335
Mass, kg 1.8552E5 1.8595E5 1.863E5 2.017E5
Maximum stress, MPa 54.398 54.091 54.185 52.732
Maximum strain, mm 0.00029554 0.00031436 0.00032499 0.0002517
Deformation, mm 0.79841 0.80049 0.8 0.88527
Table 6
Comparison of optimization model verification
Variable The control Response surface value Truthful data Relative Opti.rnize the.efﬁ-
group error ciency ratio
Quality, kg 2.017E5 1.8552E5 1.8552E5 0 8.02%
Maximum stress, MPa 52.732 54.398 59.302 8.27% -12.46%
Maximum strain, mm 0.0002517 0.00029554 0.00030088 1.77% -19.53%
Transformation, mm 0.88527 0.79841 0.77654 -2.82% 12.28%
Gty —=— The Control Group i 3?,?;_3,2
T R o

0.9

Total Deformation

Equivalent Strain

Fig. 13 Radar chart for comparative analysis of optimiza-
tion results

The first candidate group is selected as the optimal
solution and subsequently compared with the original
scheme in terms of static structural performance. The com-
parative metrics are quantitatively summarized in Table 6
and visually represented through a radar chart in Fig. 13.

The optimized design achieved a mass reduction
from 201,749 kg to 1.8552x10° kg (decreasing by 16,229
kg, representing 8.044% reduction), with total deformation
decreasing from 0.88527mm to 0.77654 mm (0.10873 mm
improvement), while equivalent stress increased from
52.7 MPa to 59.302 MPa - remaining well below the mate-
rial's allowable stress threshold and maintaining operational
safety margins.

= 0.70388
063206
l

0.27295
0.20113
0.1293

Fig. 14 The overall deformation map after optimization
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Fig. 15 Equivalent stress diagram after optimization

Figs. 14 and 15 present the post-optimization defor-
mation and stress distributions, demonstrating consistent lo-
calization patterns where maximum stress remains concen-
trated in the bushing ring area while maximum deformation
persists in the centrifugal force application zone, maintain-
ing identical extremum distribution trends as the pre-opti-
mized configuration.



6. Conclusions

This study conducted parametric design and static
structural analysis of a ball mill rotary body. The results re-
vealed that the maximum deformation (0.8 mm) occurred
in the centrifugal force application zone, while the equiva-
lent stress peaked at 54 MPa near the feed-end bushing. The
findings demonstrate that optimizing the structural stiffness
of the bushing or hollow shaft can effectively reduce stress
concentration. Among various response surface methodol-
ogies, the genetic aggregation algorithm demonstrated su-
perior fitting accuracy for constructing surrogate models.
Sensitive analysis identified the cylinder wall thickness and
feed/discharge port radius as the most influential parame-
ters affecting mass, deformation, and stress, which should
be prioritized in design optimization.

The optimized design achieved weight reduction
in most parameters despite an increased flange radius.
Compared with the control group, the optimized configura-
tion reduced total mass by 8.044% while maintaining better
deformation performance. Although the equivalent stress
increased by 6.57 MPa, all values remained within the safe
operational range. These results confirm the effectiveness
of the multi-objective parametric optimization approach,
providing a viable methodology for lightweight design of
ball mill rotary bodies.
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LIGHTWEIGHT DESIGN OF BALL MILL CYLINDER
STRUCTURE BASED ON GENETIC POLYMERIZA-
TION AGENT MODEL

Summary

To address the issues of strong empirical dependence
and low computational efficiency in traditional ball mill cylin-
der design, this study proposes a lightweight design methodol-
ogy integrating multiple response surface models with finite
element parametric simulation technology. Based on the equiv-
alent density method, stress-strain characteristics are obtained
through simplified cylinder structural modeling and finite ele-
ment static analysis. Parametric finite element simulations are
employed to generate sample data. The optimal response sur-
face model is determined by comparing the goodness-of-fit
(using evaluation metrics such as the coefficient of determina-
tion R root mean square error RMSE, etc.) among neural net-
work, Kriging, and genetic aggregation methods. Key struc-
tural parameters of the cylinder are identified through sensitiv-
ity analysis using data generated from the optimal response
surface, enabling the construction of a lightweight mathemati-
cal model that is solved using a multi-objective genetic algo-
rithm. Experimental validation on ball mill demonstrates that
the proposed method achieves 8.04% reduction in cylinder
mass and 12.28% decrease in maximum deformation while
maintaining equivalent stress within permissible safety limits.

Keywords: ball mill, finite element method, genetic aggre-
gation proxy model, multi-objective optimization, light-
weight.
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