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Traditionally, the beams of mechanical presses are designed and optimized empirically.
The empirical design cannot satisfy the increasingly strict requirements on product
performance, quality, cost and appearance. This paper attempts to develop a lightweight
design for the beam of a straight-side two-point press without sacrificing the strength and
stiffness of the structure, thus saving materials and production cost. Our design was mainly
developed through multi-goal-driven optimization (multi-GDO) based on ANSYS
Workbench. Firstly, the finite-element model of the target beam was established with the
aid of ANSYS Workbench and SolidWorks, followed by the static structural analysis on
the beam structure. Next, the main dimensional parameters of the beam were subjected to
sensitivity analysis, revealing the key factors affecting the beam dimensions. Finally, the
multi-objective genetic algorithm (MOGA) was called to optimize the main design
variables, and finalize the lightweight design of the beam. The lightweight design was
found to greatly save the material and production cost. The research results lay the
theoretical basis for beam improvement, and provide a reference for the optimization of
other parts of mechanical press and other molding and forging machines.
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1. INTRODUCTION

transmission gear, transmission axle, eccentric sleeve,
connecting rods and guide post.

Mechanical press is an important tool for molding and
forging. More than 80% of molding and forging machines are
mechanical presses. During mechanical pressing, the slidercrank mechanism converts the motor rotations into the linear
reciprocating motions of the slider. In this way, the raw
materials are molded and machined into various semi-finished
products or finished products [1-3].
Based on body structure, mechanical presses can be divided
into open-back press and straight-side press. The open-back
press is open on the front, left side and right side, which
facilitates the operations, mold installation and automatic
feeding. However, the low-rigidity C-shape body is easy to
deform under a high impact pressure, reducing the service life
of the mold. Hence, open-back presses tend to be small or
medium in size.
The straight-side press is closed on both sides. The raw
materials can only be fed into the press from the front and the
end. Thus, the operations of straight-side press are more
complex than those of open-back press. Nevertheless, the
machine tool of the straight-side press is rigid enough to
withstand a large pressure. As a result, straight-side presses are
generally adopted for high-precision processing of heavy
materials.
Based on the number of connecting rods, mechanical
presses fall into one-point press, two-point press, and fourpoint press. In this paper, a JA39-1000E straight-side twopoint press is taken as the object. The press is an integrated
assemblage of a beam, two columns, a base, and two tension
bolts. Installed on the column platform, the beam is the key
component of the press. As shown in Figure 1, the beam
contains the main transmission parts of the press, namely,

Figure 1. The beam of JA39-1000E straight-side two-point
press
Currently, the body of mechanical press is mostly designed
and improved empirically. The size parameters are highly
irregular, and the body designs are rather clumsy. In the age of
information technology (IT), this design strategy cannot
satisfy the increasingly strict requirements on product
performance, quality, cost and appearance. To solve the
problem, the ideas of green design and lean production must
be introduced to the body design of mechanical press,
especially its main working part: the beam.
Against this backdrop, this paper optimizes the beam in the
target straight-side press with the Goal Driven Optimization
(GDO) module of ANSYS Workbench. The beam structure
was lightened without sacrificing strength or rigidity, reducing
the materials and cost of press production. Our design
approach optimizes the main dimensions of the beam and
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enhances the overall performance of the press, laying the basis
for optimal design of other parts of the press [4-10].
The remainder of this paper is organized as follows: Section
2 conducts the static structural analysis of the beam; Section 3
carries out parametric design of beam dimensions; Section 4
introduces the multi-GDO of the beam; Section 5 puts forward
the conclusions.

the element quality. It can be seen that most grids in our model
surpassed 0.75 in element quality, and the mean element
quality of our model stood at 0.9. This means our model has a
high meshing quality.

2 STATIC STRUCTURAL ANALYSIS
2.1 Finite-element modelling of the beam
Figure 3. The element qualities of the grids in our model

The 3D modelling software SolidWorks was selected to set
up a 3D geometric model of the beam, for the data of the
software is fully sharable with ANSYS Workbench. The beam
has a complex structure, with many holes, chamfers and fillet
corners on the surface. In simulation analysis, these complex
features will push up the computing load, and suppress the
meshing quality. Hence, the 3D model of the beam was
simplified properly before being imported to ANSYS
Workbench for finite-element modelling. The dimensions of
the beam are listed in Table 1 below.

2.3 Load constraints and model solution
To solve our model accurately, the load constraints must be
close to the actual conditions. During normal operations, the
beam of our mechanical press is mainly subjected to the
reactive force from the slider, which acts on the joints between
the connecting rod axles and the beam. This force creates a
maximum nominal load of 10,000kN.
Our mechanical press has two connecting rods: one on the
left side and the other on the right side. Therefore, the joint
between the front plate and connecting rod axles, and that
between the rear plate and connecting rod axles, were
respectively applied a 5,000kN uniform load with the Force
command in Static Structural, ANSYS Workbench. The
uniform loads act on the upper-half cylindrical surface of axle
holes, respectively.
Considering the dead weight of the beam, non-directional
frictionless constraints were applied on the top surface of the
cover plate on the beam, the tension bolt holes, and the joints
between the beam and columns.

Table 1. Dimensions of the beam
Parameters
Value

Length
(mm)
6,900

Width
(mm)
3,800

Height
(mm)
2,760

Mass (kg)
54,623

2.2 Meshing
The 3D model was meshed by the automatic grid partition
function of the ANSYS Workbench Environment (AWE).
Considering the working conditions of the beam, different
meshing methods were applied to different parts. The Generate
Mesh function was called to divide the 3D model of the beam
into regular triangles with side length of 60.0mm.
To ensure meshing quality, the grid density was adjusted
automatically depending on the precision required for each
region. After all, the meshing quality directly bears on the
speed and accuracy of finite-element simulation. Figure 2
presents the finite-element model of the beam.

Figure 4. Cloud map of beam stress

Figure 2. The finite-element model of the beam
ANSYS Workbench offers various metrics of meshing
quality, namely, element quality, Jacobian ratio, skewness and
orthogonal quality. Here, element quality is employed to
evaluate the meshing quality of our finite-element model. The
evaluation results are plotted as Figure 3, where the x value
falls in the interval [0, 1]. The closer the value is to 1, the better

Figure 5. Cloud map of beam deformation
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Then, the stress and deformation of the beam were obtained
by solving our finite-element model. The cloud maps of the
stress and deformation are provided in Figures 4 and 5,
respectively.

According to the static structural analysis, the thicknesses
of the front and rear plates were selected for sensitivity
analysis [11-13]. The analysis results are displayed in Figure
6.

2.4 Results analysis

3.1 Design variables and objective functions

The target mechanical press is mainly welded from Q235A steel plates (elastic modulus Ε: 210GPa; Poisson’s ratio ν:
0.3; yield limit σs: 235MPa). Then, the allowable stress [σ] of
the beam can be computed by:

As mentioned before, the target mechanical press is mainly
welded from Q235-A steel plates. The thickness of each plate
directly affects the stress distribution, deformation and overall
mass of the beam. According to the sensitivity analysis, the
thicknesses of the front and rear plates were taken as design
variables: X=[X1, X2]T. The initial values of the variables are
listed in Table 2.

[σ] =

σS
= 130.5MPa
ns

(1)

Table 2. Initial values of design variables

Considering the load conditions of the beam, the safety
coefficient ns was empirically set to 1.8. From the perspective
of material mechanics, the beam was simplified as a simplysupported beam. According to engineering experience, the
maximum deflection is about 1/5,000-1/8,000 of the beam
length. Hence, the maximum deflection of our beam fell
between 0.461mm and 0.738mm.
As shown in Figure 4, the maximum stress (76.77MPa) on
the beam appeared at the junction between the front plate and
the columns and that between the rear plate and the column.
The maximum stress is far smaller than the allowable stress of
130.5MPa. Local high stress also existed on the sleeves of the
axles.
As shown in Figure 5, the beam was mainly deformed on
the sleeves of connecting rod axles on the inside. The
maximum deformation (0.262mm) was below the maximum
allowable deflection of the beam.
The results of finite-element analysis show that the beam
design is safe and acceptable. But the current design might
cause a high material waste. Therefore, the next step is to
perform multi-GDO of the beam based on stress, strain and
weight.

Design variables
X1
X2

Initial value/mm
75
80

Meaning
Thickness of front plate
Thickness of rear plate

The beam optimization aims to achieve two goals: (1)
minimizing the total mass without sacrificing the normal
performance of the beam; (2) minimizing the maximum
deformation of the beam to fulfill the stiffness requirement.
Hence, two objective function can be established as:
F1 (X) = M(X) = M(X1 ，X2 )

(2)

F2 (X) = Dmax (X) = D(X1 ，X2 )

(3)

3.2 Constraints
During the operation, the target beam mainly bears the load
from the reactive force of the slider. Hence, the structural
safety must be considered in the optimization process, in
addition to structural strength [14]. Drawing on engineering
experience and previous research, the safety coefficient n s was
set to 1.8. Then, the requirement on structural strength can be
described as:

3. PARAMETRIC DESIGN
The optimization of beam design is subjected to multiple
constraints. Considering the complexity of beam structure, the
dimensional parameters should not be selected blindly. Thus,
this paper carries out sensitivity analysis to identify the key
factors affecting the structural performance of the beam.

F3 (X) = σ ≤ σS ⁄ns = 130.5MPa

(4)

where, σs=235MPa is the yield limit of Q235-A steel.
As boundary conditions, the value ranges of the two design
variables were set as 10% up and down relative to the
dimensional standard, in the light of requirements on structural
design:
70 ≤ X1 ≤ 75
{
75 ≤ X2 ≤ 85

(5)

3.3 Parametric optimization model
Through the above analysis, the parametric optimization
model for the beam can be established as:
minF1 (X) = minM(X) = M(X1 , X2 )
minF2 (X) = minDmax (X) = D(X1 , X2 )
s.t. F3 (X) = σ ≤ σS ⁄ns = 130.5MPa
70 ≤ X1 ≤ 75
75 ≤ X2 ≤ 85
Figure 6. The results of sensitivity analysis
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(6)

The modelling process is summarized as follows: The front
and rear plates bear most of the load on the beam. Their
dimensions are critical to the structural performance of the
whole beam. Here, the dimensions of the two plates are
parameterized on SolidWorks, creating a parametric 3D model
of the beam. The objective functions and constraints can be
optimized flexibly in subsequent research.
It can be seen from the modelling process that: it is a
complex and systematic task for engineering designers to set
up the objective functions in formula (6) for the design
variables X1 and X2, and solve the optimization model. From
the perspective of engineering application, this paper carries
out a multi-GDO design of the beam on ANSYS Workbench.

As shown in Figure 7, a series of sampling points were
generated through Latin Hypercube Sampling (LHS) of the
DOE, and used to construct the response surface model
between parameters and objective functions. Then, the optimal
solution to the model was searched for by the multi-objective
genetic algorithm (MOGA) of the GDO [15-18].
4.2 DOE method
The DOE aims to design a rational test plan that reveals how
the input variables affect the output variables, without
incurring a high test cost. Currently, there are various DOE
methods, some of which are quite innovative. The common
pursuit of these methods is to customize the test plan for
specific problems, and prevent resource waste. Once the
experiment is completed and the relevant data are collected,
the engineers and technicians will be able to perform data
analysis and modelling conveniently, identify the patterns of
response variables, pinpoint and optimize the key active
variables, and predict the effect and robustness of optimization.
The LHS is a sampling method provided in the DOE module.
The LHS-based design generates a matrix of randomly
combined samples, which can be filled effectively without
repetition. This design approach is good at fitting second- or
higher-order nonlinear relationships. This paper adopts the
LHS to extract ten groups of sample values, and then computes
the response values of the extracted sample values. The
calculation results are listed in Figure 8.

4. MULTI-GDO BEAM DESIGN
The AWE provides an environment for preprocessing and
post-processing, which is fully compatible with computeraided design (CAD) software and design flow. Under the
AWE, it is easy to apply computer-aided engineering (CAE)
techniques quickly in production development, thereby
shortening the design cycle and improving the added value of
the product.
Designed in CAD software, the improved variables can be
transferred to the AWE environment. These variables, coupled
with constraints and design goals, enable the automatic
optimization of product design: under the constraints, product
indices or performance could reach desired levels by changing
the adjustable design variables, provided that all the design
goals are realized.
Therefore, this paper relies on the GDO module under the
AWE to optimize the beam design of the target straight-side
two-point press.
4.1 Optimal design route
The static structural analysis shows that the beam design
reaches the required strength and stiffness, leaving a room for
improvement. The optimal design route was planned with the
aid of three ANSYS Workbench functions: Design of
Experiment (DOE), Response Surface and GDO.

Figure 8. The sample values of dimensional design
4.3 Response surface model
One of the key steps of model optimization is to
approximate the response relationship between input and
output variables. The response surface design, as a statistical
method for multivariate problems, collects test data based on
rational DOE, fits the functional relationship between factors
and response values, and optimize the process parameters
through regression analysis [19-21].
In this paper, the response surface model is derived by
complete quadratic polynomial fitting in ANSYS Workbench.
The surface under the limit state was fitted with quadratic
polynomial. This fitting method not only reduces unknown
parameters, but also ensures the response stability. After the
response surface was generated, the pie chart of input and
output variables was displayed on ANSYS Workbench,
revealing the degree of impact of each input variable on each
output variable [22].
4.4 Model solving and results analysis
Our optimization model attempts to minimize the mass of
the target beam without sacrificing its strength, stability and
stability. The MOGA of the GDO was called to solve the

Figure 7. The optimal design route
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response surface model. The MOGA is a stochastic
optimization algorithm capable of finding the global optimal
solution through paralleled probabilistic searches. With strong
adaptability and applicability, the algorithm is known for its
excellence in handling complex nonlinear problems [23-25].
The response surface model was solved in the following
steps: First, the GDO module was selected, and the parameters
of the MOGA were initialized as: population size, 100;
number of samples per iteration, 1,000; the maximum
convergence criterion, 80%; maximum number of iterations,
20. Next, the objective functions and constraints were
configured by formula (6). The three output variables, namely,
maximum stress, maximum strain and minimum mass, were
taken as design goals (Figure 9). In the output data, each data
point represents the values of the three outputs corresponding
to an optimization result [26].
Figure 11. The 3D response surface of mass

Figure 9. The settings of optimization goals
As shown in Figure 9, the three outputs basically reached
the preset goals, that is, the maximum stress was below the
constraint on allowable stress, the beam mass was reduced to
a certain extent, and the maximum deformation was smaller
than the allowable deflection.
The 3D response surfaces of stress and mass are displayed
in Figures 10 and 11, respectively. Obviously, the impacts of
P1 and P2 on the maximum stress are shaped like parabolas,
exhibiting extreme values.
Candidate solution DP12 was selected as the optimal
solution. However, the optimal solution deviates slightly from
the real solution, for the results were derived from the response
surface. Hence, the optimized design variables were rounded
and calculated again. Table 3 compares the initial, optimized
and rounded values. The final stress and deformation are
plotted as Figures 12 and 13, respectively.

Figure 12. The final stress

Figure 13. The final deformation
The final results indicate that the maximum stress and
maximum deformation of the optimized beam surpassed those
of the original beam by different degrees, and fell below the
allowable levels. Hence, the optimized maximum stress and
maximum deformation meet the material performance
required for the normal working of the beam, and fulfil the
expectation of designers. Meanwhile, the thicknesses of the
front and rear plate both decreased through the optimization,
and the overall mass of the beam dropped by 4.6% to 52,126kg.
The optimized design saves materials and reduces the
production cost.

Figure 10. The 3D response surface of stress
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Table 3. Initial, optimized and rounded values
Design
plan
Initial
Optimized
Rounded

Design variables
P1 (X1) Front plate
P2 (X2) Rear plate
thickness mm
thickness mm
75
80
70.003
75.003
70
75

P3 Maximum stress
MPa
76.77
118.09
118.10

5. CONCLUSIONS
Based on ANSYS Workbench, this paper firstly performs
static structural analysis on the beam of a straight-side twopoint press. Through the analysis, the authors obtained the
maximum deformation, maximum stress and their distribution
patterns of the beam, and identified the optimization space of
the beam structure. Next, the main dimensional parameters of
the beam were subjected to sensitivity analysis, revealing the
key factors affecting the beam dimensions. Finally, the authors
conducted multi-GDO of the beam structure under the
constraints of stiffness and strength, and formulated a
lightweight beam design by comparing the optimized results
with the original results. The design results were found to be
reasonable and feasible. Our optimization lays the theoretical
basis for beam improvement, and provides a reference for the
optimization of other parts of mechanical press and other
molding and forging machines.
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