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Optimal Shape Design of an Extrusion–Forging Die Using a
Polynomial Network and a Genetic Algorithm

C.-Y. Wu and Y.-C. Hsu
Department of Mechanical Engineering, Tatung University, Chung-Sang North Road, 3rd Sec., Taipei, Taiwan

The objective of this paper is to obtain an optimal die shape
in consideration of the influence of metal flow deformation in
the extrusion–forging processes. The finite-element method was
used to analyse comprehensively the effects of different die
shapes on extrusion–forging deformation. A polynomial network
was used to construct the relationship model and a genetic
algorithm was used to obtain the optimal shape of the
extrusion–forging die. Through repeated cross-verifications of
modelling and experiment, the errors between the results of
the finite-element analysis and the prediction of the polynomial
network are very small. The result of the deformation analysis
and the optimal design approach to die shape in this study
could be extended to the design of a more complicated forging
die. This would be beneficial to forging industries.
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1. Introduction

Closed-die forging is the main metal forming process for the
mass-production of middle-size or small forging parts. In this
process, there are two modes of flow deformation of the metal,
upsetting and extrusion, which are controlled by the shape of
the forging die cavity. In the upsetting mode, the height of a
billet is compressed and the diameter is expanded subject to
the die pressure. Part of a billet is increased in height when
extruded when the billet is locally compressed. In general,
extrusion and forging always happened simultaneously in the
forging of a complicated shape.

The simplest form of the extrusion–forging process is when
a cylindrical billet is compressed between two flat parallel
plate dies with a circular hole in the upper die. When the
upper die is moving down, the material of the billet in the die
gap will be forced simultaneously into the upper die orifice
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and the lateral gap. In other words, in the extrusion–forging
process, the material of billet, close to the outer diameter,
flows radially outwards and the material near the centre of the
top surface is extruded into the orifice. This backward extrusion
and lateral spread forging occurs simultaneously in the cylindri-
cal billet. Generally, there are three stages in billet deformation
when extrusion–forging. First, the height of the central boss is
reduced because the compressive deformation of the billet is
caused by the shearing force acting on it. Secondly, the height
of the central boss remains constant irrespective of the defor-
mation of the lateral flange. Finally, the height of central boss
is increased by the extrusion process and the billet material
flows outward to the orifice [1,2].

The modes of flow deformation affect not only the quality
of the forging, but also the life of the die. The main factors
affecting the material flow deformation are die shape, material
properties, height/diameter ratio of billet, frictional condition
at the billet/die interface, and the diameter of the upper die
hole, etc. [3]. The extrusion–forging process is often used to
manufacture high strength fasteners and complicated parts for
the automobile and aerospace industries. The deformation pro-
cess of extrusion–forging and initial preforging of closed die
forging are similar. Understanding and design of the extrusion–
forging process is important for designing a forging die.

The finite-element method is a robust and effective numerical
analysis method used in metal forming applications. Although
the data derived from the finite-element analysis or other
plasticity analysis methods are reliable as a reference in the
design process, they are not sufficient to become a quick
reference tool for accurate die design. Therefore, it is important
to find a reliable and effective model that can predict the result
quickly and accurately. Using a neural network to assess the
data from the finite-element analysis and then to construct a
prediction model for design could be an excellent method,
because the accuracy is fairly high and the computational times
can be relatively low [4–6]. A polynomial network is a self-
organising adaptive modelling tool with the ability to construct
the relationships between input variables and output results
[7]. Compared with a back-propagation network, a polynomial
network had high prediction accuracy and deficient internal
network linkages [8–10].
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After the relationship model between the input and output
parameters of the forging process was built, it was convenient
for the industry to design forging dies by applying the model
for optimising the die shape. The global optimisation method
is the process of searching for the optimal design of a complex
problem in practical applications. A genetic algorithm (GA) is
an evolutionary computation, simulating the rules of the nature,
and is one of the global optimisation methods widely used in
many fields of application. The GAs possess very good features
for optimal design [11].

In order to obtain the optimal cavity shapes for extrusion–
forging dies, the finite-element method, a polynomial network,
and a genetic algorithm can be combined into an optimisation
design system. The finite-element method was used to analyse
the effects of geometric parameters of the die shape on the
extrusion–forging deformation. Using those analysis data, the
relationship model between the die shape and the deformation
mode can be constructed by applying a polynomial network.
Finally, an improved genetic algorithm was used for finding
the optimal extrusion–forging die shape. The cross-verification
between finite-element analysis and prediction by polynomial
network model was checked repeatedly to ensure the con-
structed model is accurate and reliable. An extrusion–forging
experiment using dies made by us was also carried out to
confirm that the developed system can work in practice.

2. Review of Related Work

Many studies about the extrusion–forging process have been
published. The objects of the studies were to analyse the
process considering different factors including material proper-
ties, the geometry of the billet, friction conditions and the
geometry profile of the die. Much work has focused on the
deformation behaviour of the process including studies on the
flow mode, deformation energy, external load, and cavity fill-
ing. The tools used were numerical methods or an experimental
approach [1–3,12–17].

The finite-element method is a robust and effective numerical
method for metal forming applications. Maccarini et al. [2]
combined the finite-element method with experiments to
explore the external force and the friction problem at the
die/billet interface in the extrusion–forging and backward
extrusion process. In order to understand the flow behaviour
of the material, Rao et al. [14] used the finite-element method
and physical modelling to analyse the grid distortion and strain
distribution on spike forging between a tapered top die and a
flat bottom die. Maccarini et al. [15] also used the finite-
element method to study the influence of the die geometry
profile on the problem of filling the die cavity during cold
forging of copper. The effects of profile variations and the
external load during the extrusion–forging stage of a rectangular
lead billet has been studied using the finite-element method
and experiments by Hu & Hashmi [16]. Giardini et al. [17]
also applied the finite-element method to study the influence
of die geometry and the friction condition in the extrusion–
forging operation based on the ductile fracture criterion and
material flow. Hu et al. [18] presented a finite-element simul-
ation of the automotive tyre nut forming process. They analysed

strain, strain rate, and velocity distribution in the workpiece
during the forming process. The stress distribution in the punch
during pulling it out and material plastic forming law during
extrusion–upsetting forming were also discussed. Wang et al.
[19] have used the rigid-plastic finite-element method to simu-
late the cold upsetting–extruding of tube flanges. The material
flow and the cause of forming defects were analysed using the
finite-element method.

The die shape crucially affects the forging processes and it
is important in the design stage of the forging die. Pioneering
work on the theoretical consideration of an optimal die shape
in metal extrusion and drawing should perhaps be attributed
to Richmond and Devenpeck (see [3]). The slip-line method
was used for simulation of the mathematical modelling of the
metal flow to achieve the ideal die profile with minimum
forming energy. Subsequently, this method was expanded to
other metal forming processes such as extrusion or forging.
Ulysse [20] applied the finite-element method in combination
with optimisation techniques to determine the optimal bearing
length of an extrusion die. Jo et al. [21] also used the finite-
element method and optimisation technique to design the opti-
mal tool shape based on uniform microstructure in both hot
extrusion and hot forging.

In design of a simple extrusion–forging die, the hole diam-
eter, draft angle and fillet radius are the important parameters
for the shape of die cavity. Although Maccarini et al. [15] and
Giardini et al. [17] have analysed the influence of die shape
on the extrusion–forging process, the former just considered
the hole diameter and the fillet radius, whereas the latter used
different friction conditions with the fillet radius as the main
objective. There are only few studies on prediction models and
optimal design related to the shape of the cavity of an
extrusion–forging die.

3. Extrusion–Forging Model

The finite-element method used for modelling metal flow defor-
mation has now become the most used analysis tool in the die
industry. When the finite-element method is applied to solve
the metal forming problem of rigid–plastic material, some
equations are required, such as the force equilibrium equation,
yield criterion, constitutive equation, geometrical compatibility
equation, and boundary conditions.

From the variational principle, the function of the finite-
element method for a rigid–plastic material can be expressed
as follows [22]:

� = ��

v

� �� -V − �
s

Fiui-s (1)

where �̄ is effective stress, �� is effective strain-rate, Fi

represents surface traction, and ui is the velocity component.
The solution of the original boundary-value problem is then
obtained from the solution of the dual variational problem,
where the first-order variation of the functional vanishes,
namely,
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where �̄ is effective stress, �� is effective strain-rate,
�· v = �· x + �· y + �· z is volume strain-rate, k is a penalty constant,
Fi represents surface traction, and ui is the velocity component.
In the process of finite-element analysis, the variational func-
tional function is converted into a system of nonlinear algebraic
equations. In order to solve those equations, the direct iteration
method was used first to obtain the initial guess, then the
iteration was implemented using the modified Newton–Raphson
method to obtain the converged value.

In this paper, the commercial finite-element program
DEFORM-2D is used for the analysis of the extrusion–forging
process. The configuration of the billet and die used in the
simulation is illustrated in Fig. 1. From the bottom of the die
to a height of 30 mm along the centreline of the upper die,
the different through hole diameters (d), draft angles (�) and
fillet radii (r) are given in Table 1. The bottom die is a flat
plate. The billets for the extrusion–forging are made from 6061
aluminium alloy of 40 mm diameter and 30 mm height. The
constant shear frictional factor is 0.3 at the billet/die interface.
For simulation, the upper die is compressed downward for 25
mm, then the die gap finally becomes 5 mm. In this condition,
a portion of billet materials is extruded up the orifice of
centre hole while some other portions are spread laterally. This
phenomenon is just the same as reported elsewhere [1–3,12].

4. Constructing the Relationship Model of
The Die Shape

Polynomial networks proposed by Ivakhnenko [23] are a self-
organising adaptive modelling tool with the ability to construct
the relationships between input variables and output data [10].
Polynomial networks are a special class of biologically inspired
networks with machine intelligence and can be used effectively
as predictors for estimating the outputs of complex systems.
In a polynomial network, the complex system is decomposed

Fig. 1. Configuration of billet and die (a) before extrusion forging,
(b) after extrusion forging.

into smaller, simpler subsystems and grouped into several
layers by using polynomial functional nodes. Inputs of the
network are subdivided into groups, then transmitted into indi-
vidual functional nodes. The general polynomial function in a
polynomial functional node can be expressed as:

y0 = A0 + �n
i=1

Aixi + �n
i=1

�n
j=1

Aijxixj + �n
i=1

�n
j=1

�n

k=1

Aijkxixjxk + % (3)

where xi, xj, xk are the inputs, y0 is the output, and A0, Ai, Aij,
Aijk are the coefficients of the polynomial functional node.

In this paper, several specific types of polynomial functional
nodes are used in a polynomial network to predict boss height,
flange width, and external load, for different kinds of extrusion–
forging die shapes. These polynomial functional nodes are:
normaliser, unitiser, single node, double node, and triple node,
as shown in Figs 2 to 4.

For the case of constructing a polynomial network, a training
database with the information of inputs and outputs is first
required. Then, a criterion for the synthesis of the polynomial
network, called the predicted square error (PSE) criterion, is
used to determine an optimal network structure. The principle
of the PSE criterion is to select the network which is as
accurate and simple as possible. To accomplish this, the PSE
criterion is composed of two terms, FSE and Kp, where FSE
is the average squared error of the network for fitting the
training data, and Kp is the complex penalty of the network.
The average squared error of the network can be expressed as

FSE =
1
N �N

i=1

(ŷi − yi)2 (3)

where N is the number of training data, ŷi is the desired value
in the training set, and yi is the predicted value of the network.
The complex penalty of the network Kp can be expressed as
Kp = CPM (2�2

pQ/N) where CPM is the complex penalty
multiplier, Q is the number of coefficients in the network, and
�2

p is a prior estimate of the model error variance.
In this study, there are 27 data sets, as shown in Table 1,

used as training data for the polynomial network to construct
the relational models of “die shape and boss height”, “die
shape and flange width” and “die shape and load”, as shown
in Figs 2 to 4. In Fig. 2, Xi (i = 1, 2, 3) represents the hole
diameter, the draft angle, and the fillet radius, respectively, of
the extrusion–forging die for the original input of the network.
They can also be used as the notation for the input, determined
from the previous layer of a specific layer, for subsequent
calculation. N is the normalised input transformed from the
original input. The values of D1 and W1 represent the output
of nodes in the first layer calculated using different types of
polynomial equation, and they also will be used as the input
for the next layer. Similarly, T1 is the nodal output of the
second layer. T2 is the final result of the network system which
can be converted into the real output (U) such as the boss
height is subjected to the original inputs relating to the
extrusion–forging die parameters. The real outputs, such as
flange width and load, can also be obtained using the same
extrusion–forging die parameters and algorithm as shown in
Figs 3 and 4.
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Table 1. The deformation result of finite-element analysis of the extrusion–forging with different die shapes.

Number Hole diameter Draft angle Fillet radius Boss height Flange width Load (mm)
(d) (mm) (�) (degree) (r) (mm) (mm) (mm) (× 105 N)

1 8 2 2 19.653 95.984 22.193
2 8 2 4 20.174 95.770 22.361
3 8 2 6 20.758 95.540 20.791
4 8 7 2 26.353 93.708 19.659
5 8 7 4 25.528 93.624 19.495
6 8 7 6 24.735 91.962 19.978
7 8 12 2 33.566 90.450 19.133
8 8 12 4 31.873 90.576 18.470
9 8 12 6 30.045 90.526 19.107

10 10 2 2 21.788 95.854 24.952
11 10 2 4 22.066 95.022 20.258
12 10 2 6 22.475 94.580 20.144
13 10 7 2 23.504 92.792 20.598
14 10 7 4 22.308 92.208 18.709
15 10 7 6 21.810 92.024 18.692
16 10 12 2 30.796 90.946 18.148
17 10 12 4 29.409 90.754 18.639
18 10 12 6 26.924 88.656 17.448
19 12 2 2 23.613 95.258 21.032
20 12 2 4 23.592 93.774 20.093
21 12 2 6 23.998 93.408 19.642
22 12 7 2 30.511 90.262 18.347
23 12 7 4 29.338 90.258 17.820
24 12 7 6 28.504 90.162 18.719
25 12 12 2 37.551 86.712 16.544
26 12 12 4 35.864 86.636 17.477
27 12 12 6 34.761 88.182 17.175

Fig. 2. The model identified by the polynomial network for prediction
of boss height.

5. Optimal Design of the Extrusion–Forging
Die Shape

Genetic algorithms (GAs) [11] are based on the mechanism of
natural selection and emulate the evolution process using the
three basic operators of reproduction, crossover, and mutation.
The fittest individuals among population surviving in the evol-
ution process are combined with a structured and randomised
information exchange mechanism to form a search algorithm.
Genetic algorithms have been proved theoretically and empiri-

Fig. 3. The model identified by the polynomial network for prediction
of flange width.

cally to provide robust search in many fields of applications,
it will be used as the search algorithm for global optimum
shape design in this study.

The value of the fitness function for each individual is an
index of design improvement and the probability of survival
for reproduction in a genetic algorithm. The individual with
higher fitness has a higher probability of being chosen for the
next generation. The most important attributes of the problem
dealt with here are selected and combined carefully to construct
a fitness function.
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Fig. 4. The model identified by the polynomial network for prediction
of the extrusion–forging load.

The forging load, the die filling capacity, the amount of
flash and the quality of the forged component are important
criteria for evaluating the forging process and die design. With
a low extrusion–forging load, the machine capacity required is
low and the die life is long because the die is subjected to a
small die pressure. This means that the die filling capacity is
high when the material flow and deformation occur easily in
the cavity. The boss height formed the in extrusion–forging
process is analogous to the die filling capacity. The material
required in forging is minimised and the trimming in post-
processing is reduced when the boss height is formed slowly
with a small amount of flash. The flange of the extrusion–
forging is analogous to the flash formed. Consequently, the
criterion for optimal design of die shape in the current study
is to maximise the boss height and minimise the flange width
and the extrusion–forging load simultaneously. The fitness
function is then defined as

Fit = �1 +
B − Bmin

Bmax − Bmin
� �2 −

F − Fmin

Fmax − Fmin
� �2 −

L − Lmin

Lmax − Lmin
�

(4)

where B represents the boss height of the extrusion–forging
workpiece, Bmin is the minimum boss height, Bmax is the
maximum boss height, F is flange width, Fmin is the minimum
flange width, Fmax is the maximum flange width, L represents
the extrusion–forging load, Fmin is minimum extrusion–forging
load, and Lmax is the maximum extrusion–forging load.

In the search process of genetic algorithms, there is a
tradeoff between exploitation (i.e. reproduction) and exploration
(i.e. crossover and mutation). The difficulty of applying simple
genetic algorithms (SGA) is in seeking a balance between
exploitation and exploration which determines the convergence
and diversity of the optimal search. GAMAS (Genetic Algor-
ithms based on Migration and Artificial Selection) proposed
by Potts et al [24] solves the problem of the balance between
exploitation and exploration and alleviates the problem of
premature convergence in the search process.

A improved GAMAS scheme [25] is adopted in this study
for optimal shape design of an extrusion–forging die. In

addition to setting a different crossover rate and mutation rate
for each species in the original GAMAS, the improved
GAMAS uses different combinations of crossover and mutation
operators in each species. The niche mechanism is added to
the improved GAMAS system and the individuals of elitist
groups are involved in the recycling process. The Ackley
function used to test the performance of the algorithm was
defined as

F(x1, x2) = − 20 × exp �− 0.2 ��0.5 �2

j=1

x2
j�� (5)

− exp �0.5 �2

j=1

cos(2� × xj)� + 20 + e

where −5 � xj � 5, j = 1, 2 and e = 2.71828.
A three-dimensional graphical display of the function and

the local minimums found by improved GAMAS are shown
in Fig. 5. Relationship models identified by polynomial net-
works are used in genetic algorithms to search for the optimal
shape of the extrusion–forging die.

6. Verification of the Relative Model of
Extrusion–Forging

In order to understand and verify the accuracy of the design
system developed combining finite-element analysis with poly-
nomial networks, experiments were carried out on a universal
material testing machine, as shown in Fig. 6. The blanks used
in this test are made from 6061 aluminium alloy of 40 mm
outside diameter and 30 mm height. The blanks were finished
by annealing at 420°C for 2 hr and cooling in the furnace.
Three sets of dies for the tests are made from SKD11 die
steel and have been treated through quenching and tempering.
The parameters of die sets (see Fig. 7) used for experiments
are:

1. d = 10 mm, � = 12°, r = 6 mm for D1.
2. d = 10 mm, � = 7°, r = 4 mm for D2.
3. d = 12 mm, � = 12°, r = 2 mm for Dopt.

The first two die sets are used to verify the accuracy of the
modelling analysis. The third die set, which was the optimal
shape of the extrusion–forging die obtained in this study, was
used to verify the accuracy of the predicted polynomial model
and the optimal result of the genetic algorithm search.

7. Result and Discussion

7.1 The Finite-Element Analysis of
Extrusion-Forging

Using finite-element analysis, the deformation modes of the
extrusion–forging process including boss height, flange width,
and load can be obtained by using dies with different hole
diameters, draft angles and fillet radii. The results of the
analysis are shown in Table 1. It can be seen that the larger
the hole diameter, the higher the boss height and the smaller
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Fig. 5. Search results of the Ackley function found by modified GAMAS after 80 generations. (a) 3D display. (b) Local minima.

Fig. 6. Configuration of the universal material test machine for
extrusion–forging experiment.

Fig. 7. Photographs of three dies used for extrusion–forging experiments.

the flange width. However, there are still a few sets with
different tendencies. For example, the boss height of some
extrusion–forging parts made from dies with draft angles of
7° and 12° do not increase with the hole diameter. It is also
found that the flange width made from a die with draft angle
12° and hole diameter 10 mm is smaller than others with
different hole diameters. For the case of the same draft and
fillet radius, the load required for the extrusion–forging die
was maximal for a 10 mm diameter hole and minimal for a
12 mm diameter hole. In general, the boss height is higher,
the flange width is smaller, and the load is smaller for a larger
draft angle, but for a die with a 10 mm diameter hole, a 7°
draft angle and a 6 mm fillet radius, the boss height is smaller
for a larger draft angle. In addition, for a die with the same
hole diameter and draft angle, and almost the same boss height,
the flange width and load is decreased with an increase in
fillet radius, but there are exceptions. For dies with hole
diameter and draft angle combinations of 8 mm/2° and 10

mm/2°, respectively, the boss height increases with the fillet
radius. The values of flange width have different variations,
but the difference between the maximum and minimum width
are all less than 2.5%, when the draft angle is 12° and the
hole diameters are 8 mm and 12 mm, respectively. There is a
marked change in the extrusion–forging load required when
the fillet radius is 4 mm. Therefore, we can see that the
optimal die shapes when considering different hole diameters,
draft angles, and fillet radii, must have a maximum boss height
and the minimum flange width and load.

In order to understand and verify the accuracy of the simul-
ation of the extrusion–forging process by the finite-element
method, experiments using two die sets were carried out to
compare the results which are shown in Figs 8 and 9 and
Table 2. The curves in the load–stroke diagram and the load
required in the extrusion–forging process are very similar for
both finite-element simulation and experiments, as shown in
Figs 8 and 9. The errors of maximum load between them were
less than 4%. The tendencies of those load curves were similar
to those reported in the literature, that is, the load curve could
be approximately divided into three stages. First, the billet is
deformed in the upper die orifice which leads to the stable
increase of the initial load. Secondly, the load is increased at
a more uniform rate, mainly due to the upsetting of an annular
portion of the billet flowing outside a central core. Finally, the
formation of the boss takes place due to the backward extrusion
of the central portion which is indicated clearly by a sharp

Fig. 8. Comparison of tendency in simulation and experiment of
different loads.
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Fig. 9. Comparison of load between simulation and experiment for two
sets of dies.

Table 2. Comparison between the profiles of extrusion–forging parts using experimental and modelling approaches.

Item Die† Experimental value Modelling value Error Mean error
(mm) (mm) (%) (%)

Boss height D1 21.8 22.9 4.8 5.2
D2 22.2 23.5 5.5

Flange width D1 68.7 66.3 −3.6 −2.6
D2 68.6 67.5 −1.6

†D1 represents the die with hole diameter 10 mm, draft angle 12°, and fillet radius 6 mm. D2 represents the die with hole diameter 10 mm, draft
angle 7°, and fillet radius 4 mm.

increase in the forming load [3,6]. Table 2 shows the compari-
son between the experimental approach and the finite-element
method for the profile of the deformed billet. It is based on
the conditions that the upper die downward stroke is 20 mm
and the flange thickness of the deformed billet is 10 mm.
From Table 2, we can observe that the difference in the
extrusion–forging deformation, using those two methods, is
small and the difference is less than 6%.

7.2 Relationship Model of Extrusion–Forging

After analysing data for different die shapes for an extrusion–
forging die, we constructed a relational model between
extrusion–forging deformation and die shape by using the
polynomial network, as shown in Figs 2 to 4. From those
relational models, the deformations such as boss height, flange
width, and load for different hole diameters, draft angle and
fillet radius, can be predicted easily and quickly. Figures 10
to 12 are the comparisons of network prediction and finite-
element analysis, respectively, when using 38 different die
shapes for the extrusion–forging process. The boss height,
flange width, and load of the simulation and experiment are
all close, as shown in those figures. The average errors of
boss height, flange width, and load are 0.58%, 0.34%, and
1.95%, respectively. These relational models should be useful
for the design of extrusion–forging die shapes. Therefore, using
models created by polynomial networks can predict the results
of extrusion–forging deformation for different die shapes
quickly. The identified models are useful for the forging die

Fig. 10. Comparison of boss height in finite-element analysis and
polynomial network prediction.

design and can also be used as a reference for forging pro-
cess planning.

7.3 Optimal Design of Extrusion–Forging Die
Shape

The optimal die shapes can be obtained by using a genetic
algorithm based on the model constructed by the polynomial
networks in this study. Table 3 displays four different dies for
extrusion–forging, two good designs with high applicability and
two bad designs with low applicability, obtained by applying
multimodel optimisation of genetic algorithms. Using dies with
maximum applicability shown in Table 3 as an example, the
optimal die shape for extrusion has a 12 mm hole, a 12° draft
angle and a 2 mm fillet radius. The extrusion–forging work-
piece obtained from this die would simultaneously have
maximum boss height, minimum flange width, and require
minimum load. Because the boss height is high, the material
flow and the deformation in the cavity became easier, and the
die filling capacity is also higher. The flash formation will
be slower and smaller for a die with smaller flange width.
Consequently, the material required in forging will be mini-
mised and the trimming in post processing will be easy.
When the extrusion–forging load is low, the machine capacity
required can be reduced and the die will last longer at a
smaller die pressure.

The relationship between the draft and fillet to the fitness
of three dies with different hole diameters is shown in Figs
13 to 15. It is clear that the fitness will increase with the draft
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Fig. 11. Comparison of flange width in finite-element analysis and
polynomial network prediction.

Fig. 12. Comparison of extrusion forging load in finite-element analysis
and polynomial network prediction.

Table 3. The comparisons of extrusion–forging deformation between modelling analysis and network prediction with different geometry and
its corresponding GA fitness.

Set Fitness of GA/ Optimal extrusion–forging die Boss Flange Load
optimisation height width (× 105 N)

(mm) (mm)Hole Draft Fillet
diameter angle radius
(mm) (deg.) (mm)

1 7.9219 12.000 12.0000 2.0000 Modelling analyis value 37.551 86.712 16.554
Network predicted value 37.501 86.636 16.685

(0.13%) (0.087%) (−0.85%)

2 7.8511 11.9664 11.9995 2.0168 Modelling analyis value 37.568 86.870 17.215
Network predicted value 37.378 86.713 17.708

(0.51%) (0.18%) (−3.03%)

3 4.5148 8.4060 11.9347 3.4914 Modelling analyis value 33.035 91.138 18.580
Network predicted value 31.738 90.760 18.788

(3.93%) (0.41%) (−1.12%)

4 4.5106 11.8301 6.0374 5.3720 Modelling analyis value 27.588 91.088 18.580
Network predicted value 27.226 89.907 17.209

(1.31%) (1.31%) (−7.96%)

Difference between modelling 1.47% 0.50% −3.24%
analysis and Network prediction

Note: The values in parentheses are the errors compared to finite-element modelling.

Fig. 13. The relationship between the fitness of GAs and fillet and
draft for extrusion–forging die with 8 mm diameter hole.

angle. Although the fitness is also affected by the fillet radius
when the draft angle is small, its effect is very small. The
fitness has a minimum value when the draft angle and fillet
radius are small.

Four sets of die shapes are selected for comparison of the
results of deformation of extrusion–forging, between finite-
element modelling and network prediction as given in Table
3. The maximum errors in individual items are all less than
8%. In the first set with a 7.9219 fitness, the error of boss
height obtained from this die is 0.13%, of flange width is
0.09%, and of extrusion–forging load is only 0.85%. The
average error for those four sets is less than 4%.

A comparison of the results of finite-element simulation
and experiment for the extrusion–forging die with maximum
fitness are shown in Figs 16 to 18 and Table 4. Figure 16
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Fig. 14. The relationship between the fitness of GAs and fillet and
draft for extrusion–forging die with 10 mm diameter hole.

Fig. 15. The relationship between the fitness of GAs and fillet and
draft for extrusion–forging die with 12 mm diameter hole.

Fig. 16. The comparison of extrusion–forging deformation between
simulation and experiment in different strokes.

Fig. 17. The comparison of boss height and flange width between
simulation and experiment in different strokes using the optimal die
shape with GA fitness 7.9219.

Fig. 18. The comparison of tendency of load in experiment and
simuation using optimal die shape with GA fitness 7.9219.

compares the deformation between simulation and experi-
ment during the extrusion–forging process. Figure 17 com-
pares the boss height and flange width formed at different
positions of the stroke when the upper-die is compressed
downward. From those two figures, the difference of the
deformed results at different positions of the stroke is quite
small. The maximum error of the boss height is less than
12% and that of the flange width is less than 6%. It can be
seen that the history of change of deformation profile of a
workpiece in extrusion–forging, by using those two methods,
is similar to that stated in the literature [1,2]. The boss
height is shorter than that of the primary billet at the initial
stage, then its height remains constant, but the boss height
will increase continuously at the final stage. Table 4 com-
pares boss height and flange width at the final stroke of
upper die. The errors between modelling and experiment are
less than 11%. The shape of the extrusion–forging load for
finite-element modelling and experiment was also very close,
as shown in Fig. 18. Hence, the new method developed in
this study should be reliable enough for die design.

The approach of optimal shape design of extrusion–forging
die is accomplished in three steps. First, the finite-element
method is used to analyse the effects of the geometric
parameters of the die shape on the deformation in the
extrusion–forging process. Then a polynomial network is
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Table 4. The comparisons of boss height and flange width between
modelling and experiment using the optimal die shape with GA
fitness 7.9219.

Optimal Item Modelling Experimental Error
die to be value value

compared (mm) (mm)

d = 12 mm Boss height 37.551 33.493 10.81
� = 12°
r = 2 mm Flange width 86.712 84.356 2.71

applied to construct a model relating the geometric para-
meters and deformation of the extrusion–forging. Finally,
genetic algorithms are used to obtain the optimal shape of
the extrusion–forging die based on the model constructed
by the polynomial networks. Repeated cross-verification of
simulation, modelling and experiment showed very small
errors. Consequently, the result of deformation analysis and
the optimal design approach of die shape in this study can
be used as a quick reference for extrusion–forging die design
and should be extended to the design of a more complicated
forging die. The method should be useful in forging die
design and forging process planning.

8. Conclusion

In this study, the finite-element method, a polynomial network
and a genetic algorithm are combined to develop a system for
the design of the optimal shape of an extrusion–forging die.
Information from finite-element analysis of different die shapes
was used to construct a geometry-deformation model of an
extrusion–forging die by applying a polynomial network. The
relationship equations of the constructed model could accurately
and quickly predict the effects of die shape, with different
geometric parameters, on the extrusion–forging deformation.
Based on the model constructed, genetic algorithms were used
to search for the optimal shape for extrusion–forging which
could be done easily and effectively. As a consequence, the
simplicity and effectiveness of the design approach developed
in this study can be beneficial to the optimal design of the
shape of an extrusion–forging die.
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