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Abstract: 2A12 aluminum alloy is a high-strength aerospace alloy. During its extrusion process, the
extrusion process parameters have a great impact on the microstructure evolution of the extruded
products. There are three extrusion process parameters controlled in the actual project, which are
the initial temperature of billet, the initial temperature of die and the extrusion speed. Combined
with a back propagation (BP) neural network and finite element method (FEM) simulation, based on
the constitutive equation and recrystallization evolution process of 2A12 aluminum alloy, this paper
establishes a prediction model for the grain size of extruded pipe by these three extrusion process
parameters. This paper used a 35MN extruding machine for a production verification of 2A12 pipe.
The results show that the predicted grain size is 3% smaller than the actual size.

Keywords: 2A12 aluminum alloy; hot extrusion; BP neural network; recrystallization structure; pipe

1. Introduction

2A12 aluminum alloy belongs to the Al-Cu-Mg-series alloy, which is widely used in
aerospace, radar, automobile and other industrial sectors for its perfect properties such as
high strength, good formability and machinability [1]. Its chemical composition is similar
to 2024 aluminum alloy in American standard [2,3]. Its performance is mainly determined
by melting and casting process, extrusion process and heat treatment process [4]. The metal
strength decreases, and the metal fluidity improves as the temperature increases. Therefore,
hot forming technology is often used in material forming [5]. The pipe production processes
mainly include rolling, hot extrusion, drawing, forging and other methods [6]. During
hot extrusion, grain refinement, strain strengthening, solid solution strengthening and
precipitation hardening increase the strength of the formed tube [7-9].

It is critical in extrusion process to control the maximum extrusion force and the exit
temperature of the extrusion die. The properties of the formed pipe are related to the
microstructure of the formed material, while the die exit temperature distribution has a
significant influence on the microstructure, mechanical properties, and surface quality of
the extruded products [10]. The temperature of the formed pipe at the die exit is influenced
by the combination of environmental heat dissipation, material-forming heat and frictional
heat during the flow of the billet (including friction between the billet and the friction
between the billet and the die). It is related to the process parameters such as friction
coefficient, the extrusion material, the initial billet temperature, the die temperature, the
extrusion speed and so on.

Artificial neural networks, as a hot topic of research in the field of artificial intelli-
gence, utilize information processing techniques to simulate human brain neurons and
construct various models by forming different networks according to different connection
methods. As a typical multilayer forward artificial neural network, BP neural networks
are widely utilized in pattern recognition, function approximation, classification and data
compression. With the advancement of machine learning, intelligent algorithms have
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been introduced as an effective method to solve nonlinear problems, which are extensively
used in the field of engineering computation for applications such as material rebound
calculation [11], analysis of the influence of chemical composition of metal materials on
material properties [12,13], material constitutive modeling [14,15], maximum extrusion
force calculation in the extrusion process [16,17], optimization of extrusion process parame-
ters, analysis of the influence of chemical composition of metal materials on stress-strain
curves [18] and other areas of processing.

To better describe the evolution of grain size during the extrusion process, this paper
uses BP neural network to analyze the extrusion speed, billet temperature, die temperature
and other process parameters through FEM simulation, and combine the constitutive model
and recrystallization model of 2A12 aluminum alloy material to predict the grain size of
each part of the extruded tube and obtain a complete grain size prediction model.

To accurately depict the evolution of microstructure material grain size during the
extrusion process, this paper employs a BP neural network to analyze various process pa-
rameters, including extrusion speed, billet temperature, die temperature and other process
parameters via FEM simulation. By integrating the constitutive model and recrystallization
model of 2A12 aluminum alloy material, this approach predicts the grain size of every part
of the extruded tube, resulting in a comprehensive grain size prediction model.

2. Constitutive Equation and Recrystallization Process Analysis of 2A12
Aluminum Alloy

2.1. Material Constitutive Model

To construct the 2A12 aluminum alloy material constitutive model, we conducted
isothermal compression experiments on 2A12 samples using a Gleeble-1500D thermal
compressor (Dynamic Systems Inc., Austin, TX, USA). The hot compressed samples were
sized at @ 6 mm x 8 mm, heated from room temperature to the specified temperature
at a heating rate of 10 °C/s, and held for 3 min to ensure the overall temperature of the
extruded samples was uniform. Subsequently, the compressor compressed the specimen to
50% of the strain at the designed deformation rate, and a T-type thermocouple was welded
onto the surface of the samples to measure its temperature. Table 1 shows the composition
of the 2A12 aluminum alloy examined in this study.

Table 1. Chemical composition of the 2A12 alloy (mass fraction, %).

Mg

Si Zn Mn Fe Ti Al

442

1.51

0.21 0.07 0.67 0.23 0.04 Bal.

We conducted the experiments in four different billet temperatures ranging from
360 °C to 480 °C, with each temperature being 40 °C apart. We use four strain rates, which
are 0.01s71,0.1571, 157!, and 10 s, respectively. In total, we performed 16 experiments,
and Table 2 shows the parameters of the 16 thermal compression experiments. Figure 1
shows the 16 real stress—strain curves of the 2A12 aluminum alloy material obtained in the
hot compression experiments.

Table 2. Gleeble Experimental parameters.

Temperature (°C) Strain Rate (s~1)
360 0.01 0.1 1 10
400 0.01 0.1 1 10
440 0.01 0.1 1 10
480 0.01 0.1 1 10
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Figure 1. True stress—strain curve of 2A12 aluminum alloy material. (a) 360 °C; (b) 400 °C; (c) 440 °C;
(d) 480 °C.

The Arrhenius equation is the most widely used equation for describing the correlation
between flow stress, temperature, and strain rate, particularly at high temperatures. We can
use the Zener-Hollomon parameter with an exponential equation to express the influence
of temperature and strain rate on deformation behavior. The hyperbolic law utilized in the
Arrhenius equation provides a more accurate approximation of the relationship between
the Zener-Hollomon parameter and flow stress [14,15,19].

e = AF(0) exp(—é) @
Z = ¢gexp (I?T) 2)
o o < 0.8
Flo) =< exp(Bo) ac>12 (3)

[sinh(a,0)]"  forall o

where Z is the Zener-Hollomon parameter, ¢ is the strain rate (s1); o is the stress (MPa);
T is the deformation temperature (K); R is the gas constant with a value of 8.314 ] /mol x K;
Q is the heat deformation activation energy (kl/mol); F(0) is the stress function; A, «, B, n’
and n are material constants.

Combining Equations (1)—(3) yields

InZ = InA + nin[sinh(ao)] 4)

Therefore, by drawing a figure of InA and In[sinh(ac)], and performing a linear fit of
InA and In[sinh(ac)] we deduce that parameter A = 3.076 x 101°.
According to Equations (1) and (3), we get

Q

Ine = InA + nlno —
ne = InA + nlno RT 5)
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né:lnAJrﬁa—% (B=an) (6)
Ine = InA + nin[sinh(ac)] — % (7)

Equations (5)—(7) show that, when the temperature is invariant, /ne and Ino are linear
relations with slope #; Ine and ¢ are linear relations with slope B, which is an; when the
strain rate is invariant, In[sinh(ac)] and 1/T are linear relationships with a slope of Q/r.

According to the former discussion, making scatter plots of In¢ and Ino, Ine and o,
In[sinh(ao)] and 1000/T as shown in Figure 2 and performing a linear fit, we get n = 6.738,
a = 0.01313, Q = 228.668 K /mol.
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Figure 2. Linear fit graph. (a) InZ—In[sinh(a0)]; (b) Ine—Inc; (c) Ine—o; (d) In[sinh(ao)]—1000/T).

The final constitutive equation for the Arrhenius type of 2A12 aluminum alloy is given
as Equation (8).

& =x10'0 x[sinh(0.01313¢)]%7%® exp (—228668/8.31T) 8)

2.2. Material Recrystallization Modeling

Extrusion of 2A12 aluminum alloy tubes is a problem of large plastic deformation
under high-temperature conditions. In previous studies, scholars have found that 2A12
plastic deformation at high temperatures produces dynamic recrystallization [20]. When the
deformation strain is bigger than 2, we can nearly obtain complete material recrystallization
microstructure [21]. Therefore, in the extrusion process of 2A12 aluminum alloy pipes,
when we select a large extrusion ratio deformation, we can take the material microstructure
as totally recrystallized microstructure, and the calculation of recrystallized grain size can
be determined by Equation (9) [22].

Dyjry = A1Z7™ 9)
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In Equation (9) Dy, is the dynamic recrystallization grain size, A1 and 11 are constants,
and Z is the Zener-Hollomon parameter, which has been discussed in Section 2.1 and
whose values are expressed as Equation (10).

7 = texp(228668/8.31T) (10)

In Equation (10), ¢ is the strain rate and T is the deformation temperature (K). Combin-
ing Equations (9) and (10), we obtain

Dy = Ay [£exp(228668/8.31T)] (11)

From Equation (11) we can find that the recrystallized grain size is related to the
strain rate and deformation temperature. To predict the grain size of the microstructure of
2A12 tubes during extrusion, we should calculate the values of the constant parameters
A1 and n; in Equation (11), so we should use the recrystallization microstructure of the
2A12 alloy after plastic deformation to calculate the constant values. In the study of the
material constitutive structure relationship, 16 groups of 2A12 aluminum alloy materials
have undergone hot extrusion deformation, and Figure 3a shows the samples of 2A12
materials after hot extrusion deformation.

Figure 3. Extruded samples after the Gleeble hot compression experiment. (a) Material after hot
extrusion deformation; (b) The metallographic observation sample.

The 16 extruded samples obtained after the Gleeble hot compression experiment
were cut longitudinally, etched and polished to make metallographic observation samples.
Figure 3b shows the completed metallographic observation samples after compression
experiment. We used an electron microscope to observe the 16 samples, and Figures 4 and 5
show the observed metallographic images. Figure 4 shows the initial microstructure before
Gleeble compression.

Among the metallographic observation of the Gleeble specimens, Figure 5a shows
that, with the compression of the Gleeble specimens, the dynamic recrystallized (DRX)
grains of 2A12 aluminum alloy appear at the grain boundaries which are highlighted
with a red circle. In the hot compression test, the dynamic recrystallization behavior of
2A12 aluminum alloy occurs, but because the strain is too small, which is only 0.5, the
recrystallization behavior can only occur at the grain boundaries where the energy of the
original grains is unstable.
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Figure 4. The initial microstructure before Gleeble compression.

We can see that the DRX grains are smaller than the original grains, and the DRX grains
are not continuous, so we use the software named Image-Pro to measure the diameter of
DRX grains. The grain diameter measurement is based on the principle of classifying the
entire image by pixel level, dividing the length of measuring scale by the pixels in the image,
and then measuring the number of pixels in the direction of dynamic recrystallization grain
diameter, and multiplying them together to obtain the diameter of dynamic recrystallization
grain. Among Figures 4-6, each pixel represents about 0.027 pm, so we use two decimal
places to express the grain size. According to this method, we measure the initial grain size
before Gleeble compression to be 25.32 pum.

We measure the grain diameters of 100 dynamic recrystallized grains in the sample
metallographic Figures 5 and 6 and take the average value as the dynamic recrystallized
grain diameter at that temperature and strain rate condition. After the measurements,
Table 3 shows the dynamic recrystallized grain diameter and its root mean squared error
(RMSE) of each specimen.

Table 3. Measured recrystallization grain size in the sample metallographic.

. Deformation . _ Recrystallization
Drawing Number Temperature (°C) Strain Rate (s™) Grainr]};iameter (um)
5-a 360 0.01 9.59
5-b 360 0.1 8.55
5-c 360 1 6.81
5-d 360 10 5.88
5-e 400 0.01 11.40
5-f 400 0.1 8.65
5-g 400 1 6.56
5-h 400 10 6.20
6-a 440 0.01 11.58
6-b 440 0.1 9.86
6-c 440 1 8.33
6-d 440 10 7.36
6-e 480 0.01 12.40
o-f 480 0.1 10.84
6-g 480 1 9.35

6-h 480 10 8.77
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Figure 5. Gleeble specimen metallographic micrograph 1. (a) 360 °C—0.01; (b) 360 °C—0.1;
(c) 360 °C—1; (d) 360 °C—10; (e) 400 °C—0.01; (f) 400 °C—0.1; (g) 400 °C—1; (h) 400 °C—10.



Metals 2023, 13, 664 8of 19

Figure 6. Gleeble specimen metallographic micrograph 2. (a) 440 °C—0.01; (b) 440 °C—0.1;
(c) 440 °C—1; (d) 440 °C—10; (e) 480 °C—0.01; (f) 480 °C—0.1; (g) 480 °C—1; (h) 480 °C—10.

Previous studies have shown that the recrystallized grain size of metals increases with
increasing deformation temperature and decreasing strain rate [23]. By looking at the table
of recrystallized grain size of 2A12 aluminum alloy, we can see that the recrystallized grain
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size of 2A12 aluminum alloy also increases with increasing deformation temperature and
decreasing strain rate.
Taking the logarithm of both sides of Equation (9), we can obtain

InD g, = InAy —nqInZ (12)

From Equation (12), we can see that In Dy, and [nZ are a first-order linear relationship
with a slope of —n1 and an intercept of [nA;.

The deformation temperature and strain rate in Table 3 are brought into Equation (10)
to find out InZ, and we take the recrystallized grain size in Table 3 and the Zener-Hollomon
parameter logarithmically to make the relationship of InDy,,—InZ as shown in Figure 7.

2.6
®  Experimental Data
u Linear Fit
2.4
2.2
o
je)
(]
£
2.0
1.8
1.6 T T T T T T T 1
30 35 40 45 50

InZ

Figure 7. In D;,,—InZ.

The recrystallized grain size of 2A12 aluminum alloy can be calculated as Equation (13)
by bringing the fitted values into Equation (9) after a linear fit to Figure 7.

Dy, = 81.3711 x 7—0.05783 -

According to Equation (13) we can obtain the calculated grain size as Table 4:

Table 4. Calculated recrystallization grain size in Equation (13).

Deformation

Messured Grain Calculated Grain

Temperature (°C) Strain Rate (s 1) Diameter (um) Diameter (1tm) Error (um) Relative Error
360 0.01 9.59 8.6 0.99 10.32%
360 0.1 8.55 7.51 1.04 12.16%
360 1 6.81 6.59 0.22 3.23%
360 10 5.88 5.77 0.11 1.87%
400 0.01 11.40 10.04 1.36 11.93%
400 0.1 8.65 8.74 0.09 1.04%
400 1 6.56 7.12 0.56 8.54%
400 10 6.20 6.69 0.49 7.90%
440 0.01 11.58 114 0.18 1.55%
440 0.1 9.86 9.97 0.11 1.12%
440 1 8.33 8.73 04 4.80%
440 10 7.36 7.64 0.28 3.80%
480 0.01 12.40 12.83 0.43 3.47%
480 0.1 10.84 11.23 0.39 3.60%
480 1 9.35 9.83 0.48 5.13%
480 10 8.77 8.61 0.16 1.82%

RSME 0.58
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From Table 4 we can see that the biggest relative error is 12.16 %, and the most errors
are lower than 10 %, while the RSME is 0.58, so we can assume that the Equation (13) meets
the accuracy requirements of 2A12 alloy.

In Equation (13) we can see that the recrystallized grain size is mainly related to the
Zener-Holloman parameter, while in Equation (10) we can see that the Zener-Hollomon
parameter is determined by the strain rate and the recrystallization temperature, as the
strain rate is determined by the extrusion speed and extrusion ratio. The strain rate can be
calculated in Equation (14) [24]

&= (14)

InA-Vi(Ar — Az)
04| (D3 - 0.75D%)% —0.5(D3 —0.75D3)

In Equation (14), € is the strain rate. A is the extrusion ratio, whose value is 7.81 in this
paper. V; is the extrusion speed. A; is the inner ring area of the extrusion die, whose value
is 7854 mm?. A, is the area of the mandrel, which is 5674 mm?. D, is the outer diameter
of billet, which is 170 mm. D; is the outer diameter of the pipe, whose value is 100 mm.
Therefore, in the actual tube extrusion process, when the extrusion speed and extrusion
ratio are determined, the recrystallization grain size is only related to the extrusion exit
temperature. Therefore, the following FEM model is needed to predict the extrusion exit
temperature of the pipe extrusion process.

3. FEM Analysis of Extrusion Process

In the actual production process, once the product is determined, the extrusion die
is also determined. In that condition, the adjustable parameters during the production
process are mainly the initial heating temperature of the billet, the die temperature, and
the extrusion speed. Figure 8 shows a three-dimensional diagram of the pipe extrusion
process. In this paper, the production parameters in FEM simulation set as following: the
initial heating temperature of the billet is 300 °C, 350 °C, 400 °C and 450 °C, the initial
heating temperature of the die is 20 °C, 100 °C, 200 °C and 300 °C, and the extrusion speed
is0.5mm/s, 1 mm/s,2 mm/s and 5 mm/s. A total of 4 x 4 x 4 = 64 sets of simulations
are conducted.

Container . Extrusion die Die Holder
Billet

Extrusion
eedle

Extrusion ram Pipe

Graphite pad

Extrusion pad

Figure 8. A12 aluminum alloy pipe extrusion diagram.
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From the discussion in Section 2.2, to build a model to predict the microstructure
of 2A12 tube extrusion process, we should predict the extrusion exit temperature of the
tube first. Deform, as a finite element analysis software, is used widely in extrusion
nowadays [25]. Moreover, because tube extrusion is a strictly axisymmetric model, to
simplify the extrusion model and improve simulation speed, this paper builds a Deform-
2D model for 2A12 pipe extrusion. In the simulation calculations, we use the skyline
method and Newton’s iteration method to calculate the simulation result and import
the constitutive model of 2A12 aluminum alloy obtained in Section 2.1 into the Deform
software material library. Table 5 shows other Deform Analog Input Parameters [26].

Table 5. Deform Analog Input Parameters.

Input Parameters Parameter Value
Environment Temperature 20°C
Thermal Convection Coefficient (with air) 0.1 N/s/mm/c
Thermal Conductivity 11 N/s/mm/c
Friction Coefficient 0.3
Die Material H13 steel
Young’s Modulus (2A12) 68,900
Poisson’s Ratio (2A12) 0.33

Considering the actual tube production process, the simulation is set as following
three stages: billet transportation, machine preparation, and extrusion.

In tube extrusion process, we should first transport the billet from the heating furnace
to the extrusion location. Figure 9a shows the temperature distribution of a billet of 2A12
aluminum alloy heated to 400 °C after 60 s of air-cooling, with an internal diameter of
85 mm, an external diameter of 170 mm, and a height of 170 mm. We can see that the core
of the billet has the highest temperature and the rounded corner near the outside has the
lowest temperature, but the overall temperature difference is small.

Step 60

Step 90

Ma

Figure 9. Thermal analysis diagram of 2A12 aluminum alloy tube extrusion process. (a) Blank
temperature after 60 s air cooling; (b) Temperature after 30 s die heat transfer; (c) Billet temperature
after 30 s die heat transfer.
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After placing the billet on the extrusion needle, the operator starts the extrusion
machine and lets the machine reach the extrusion position quickly. In this condition, the
billet is in contact with the extrusion mandrel, extrusion barrel and extrusion pad, and this
process is the interface heat transfer. The simulation of Figure 8b,c sets the temperature
of the extrusion mandrel, extrusion barrel, extrusion pad and extrusion die at 200 °C. The
expected time for this process is 30 s. Figure 9b shows the overall temperature after 30 s
interface heat transfer. Figure 9c shows the billet temperature after 30 s interface heat
transfer. We can find that the heat dissipation between the billet and the die makes the heat
loss of the billet more than the heat loss during air cooling, and the lowest temperature of
the billet is the outer ring of the lower right corner in contact with the sleeve and the lower
extrusion pad, but the temperature difference inside the billet is still small.

During the extrusion process, the focus is on the billet temperature at the extrusion
exit of the die, as this is where the plastic deformation is most intense and where the
temperature is highest during the extrusion deformation, which determines the grain size
and mechanical properties of the formed pipe. Since the previously discussed extruded
finished pipe has an inner diameter of 85 mm, an outer diameter of 100 mm, and a length
of about 1 m, the points are taken along the extrusion direction and the vertical extrusion
direction respectively in the simulation model of the extrusion process. Along the diameter
direction, we take three points at the diameters of 85 mm, 92.5 mm, and 100 mm of the
finished pipe; along the extrusion direction, we take five points at the extrusion lengths of
10 mm, 250 mm, 490 mm, 730 mm and 970 mm. In total, we select 3 x 5 =15 points, and
the points are named as follows: when the coordinates are d = 85 mm and I = 10 mm, it
is the first point. When d = 92.5 mm, | = 10 mm is the second point, and so on. Set these
15 points as material flow following, record the temperature change of the 15 points during
the extrusion process, and extract the extrusion exit temperature for further analysis.

In Figure 10a, we can see that the billet temperature drops rapidly during the air-
cooling and contact heat-dissipation process. When the extrusion process begins, there is a
large temperature rise, which means the material at this point passes through the extrusion
exit, where the temperature is highest. After the extrusion passes this point, the material
becomes extruded in the tube state and is in the air-cooled state and the temperature
drops. In this figure, we can see that the radial temperature changes in the extrusion exit
temperature difference are not large.

500 280+

a — 1 — Inside wall
—2 b —— Middle of pipe
450 - 3 275 Outer wall
—4
O 400 5 T 2704
4 —7 <4 //
5 5
O 350+ —38 T 265 ///
153 9 @ g ———————
o o o
3 10 5 o
= 300 1 = 260 ////
— 12 T
250 | 1‘3‘ 2554
15
200 T T T T T | 250 T T T T 1
0 30 60 90 120 150 180 0 200 400 600 800 1000
T(s) Axial distance (mm)

Figure 10. Temperature change at the simulation point. (a) Temperature change over time at
15 points at 450 °C-200 °C-5 mm/s; (b) Exit temperature variation at 15 extrusion points at
450 °C-200 °C-0.5 mm/s.

In Figure 10b we can see that the temperature at the inner point is the highest, and
the temperature at the outer point is the lowest during extrusion. Because the wall thick-
ness of the extruded pipe is too small, only 7.5 mm, and the extrusion exit temperature
in the radial direction are very close, the maximum temperature difference is 5 °C, so
the temperature distribution of the breakthrough extrusion temperature along the radial
direction can considered uniform, only to think about the temperature distribution in the
axial direction. Therefore, we take the radial extrusion exit temperature which is obtained
in the FEM simulation average value as the axial location temperature, so we obtain five
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new temperature points to characterize the microstructure of pipe extrusion. The axial
coordinate of 10 mm point is set as 1 point, and in turn axial distance of 970 mm point is set
as five points.

In summary, the FEM simulation obtains 64 sets of extrusion exit temperature re-
sults which including five different extrusion exit-temperature outputs and three differ-
ent process parameters. BP neural network in Section 4 will use these data for training
and predicting.

4. BP Neural Network Prediction Model

BP neural network (back propagation neural network) can fit nonlinear models well
and is now widely used in engineering model prediction. Its main features are the signal
forward propagation and the error backward propagation. In the signal-propagation
process, the input signal is weighted and inputted to the hidden layer, and after solving in
the hidden layer, it is weighted again and input to the output layer, and the expected value
is obtained after solving in the output layer. When there is an error in the output layer that
does not achieve the desired output, the error is back-propagated and the network weights
and bias between the layers are adjusted so that the predicted output changes until the
error approaches the expectations.

Figure 11 shows the structure of the BP neural network with three input units, five
output units and one hidden layer. In a complete neural network, there are an input layer,
several hidden layers, and an output layer, where the hidden layer numbers can change
according to the data processing requirements, and we can set multiple hidden units in
each hidden layer. The neurons in each layer are interconnected, and the neurons within
the same layer are not connected. The data in the input layer are normalized first. After
weighting, it is assigned to the hidden layer, which calculates the input values by the
excitation function o(x) and passes the calculation results to the output layer after second
weighting. When there is an error between the predicted output and the desired output, the
error is propagated backward, and the weights from the hidden layer to the output layer
are adjusted first, and then the weights from the input layer to the hidden layer are adjusted.
The above steps will not stop until the prediction model meets the accuracy requirements.

w;l—out )
W@in-h h y Ty
1 ;
Billet Temperature (T ) d s e T, )
N\ 2 N
Die Temperature | Tq ) W hy . { Tz ) I;tl%ep"l;eir;;:erature
Extruding Velocity ( V ) : ' T, )
| hi ¥ 7N
\ 4 A T5
Input layer ~
Hidden layer

Output layer

Figure 11. Neural network structure.

Considering the computation time and efficiency, this paper chooses to use a BP neural
network with one hidden layer, and combines the empirical formula of the BP neural
network to determine the number of nodes in the hidden layer:

ny=2m+1 (15)

or

n=vn+m+a (16)
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In Equations (15) and (16), n1 is the number of nodes in the hidden layer, 7 is the
number of inputs, m is the number of outputs, and a is a constant, whose value is between
1 and 10.

In the prediction of this paper, the number of input nodes is 3, which is the initial
temperature of the billet, the initial temperature of the die, and the extrusion speed, and
the number of output nodes is 5, which is the extrusion exit temperature at five points.
According to the above equation, the number of nodes in the hidden layer is 4-13. After
testing in the actual training, we choose a three-layer neural network with one hidden
layer and eight neurons for the corresponding calculation, and the neural network of this
structure can achieve a better balance of computational accuracy and computational time.
We use the BP neural network module in Matlab for prediction simulation. The activation
function of the BP neural network takes the form of a sigmoid function. The sigmoid
function is expressed as followed:

1

1 + e—kl’llfi']' (17)

Out; = f(net]-) =

where k is a constant, net]- is the weighted sum of the jth neuron for input received from the
preceding layer with n neurons, which can be expressed as followed:

(net]-) = iwljxi (18)
i=1

where w;; is the weight of the j" neuron in the previous layer, x; is the output of the "
neuron in the previous layer.

The detailed training parameters are listed as follows: the number of training times
is 1000 times, the learning efficiency is 0.01, and the minimum error of the training target
is 0.0000001.

During the experiment, the 64 sets of parameters obtained from the Deform-2D simula-
tion were divided into 60 training groups and 4 experimental groups. We select 450-200-5,
300-300-2, 350-100-1, and 400-20-0.5 for the 4 experimental groups (the order of experi-
mental parameters were the initial temperature of the billet (°C), the initial temperature of
the die (°C), and the extrusion speed (mm/s). There are four different initial temperatures
of the billet, the initial temperature of the die, and extrusion speed respectively in the
experimental set, which can have good generalizability.

After the 60 sets of training, we use the neural network to predict the remaining
4 experiment groups, and Table 6 and Figure 12 show the BP neural network predicted
results and experimental results.

Table 6. Experimental group versus BP prediction group.

Classification of

Experimental . 1-Point 2-Point 3-Point 4-Point 5-Point
Parameters Experimental and Temperature  Temperature  Temperature  Temperature  Temperature
Prediction Value
450-200-5 Experimental value (°C) 379.0 386.8 388.5 387.5 392.8
Haad BP prediction value (°C) 378.9 385.9 388.0 388.2 393.3
3003002 Experimental value (°C) 362.9 371.8 374.1 377.6 384.1
el BP prediction value (°C) 363.2 370.6 375.1 376.4 383.2
350-100-1 Experimental value (°C) 245.5 256.4 266.7 271.9 286.5
Saad BP prediction value (°C) 245.0 258.5 266.1 272.0 286.3
400-20-0.5 Experimental value (°C) 134.1 172.4 187.5 200.6 220.4
Bt BP prediction value (°C) 134.5 172.9 187.4 201.1 221.9
Data Analysis Max. error (°C) 2.1 Relative Max 0.82% RMSE 0.85

Error
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Figure 12. BP neural network predicted temperature versus experimental temperature.

Figure 12 shows that the predicted temperature in blue line and the temperature
obtained from the original simulation in black line almost overlap. After analyzing the
data in Table 5, we can find that the BP neural network used in this paper can better fit the
extrusion exit temperature during the pipe extrusion process.

5. Experimental Verification

The extrusion of 2A12 tube was performed at the Institute of Metal Research, Chinese
Academy of Sciences, to verify the reliability of the models established in Sections 2—4.
Figure 13a shows the 35MN multi-function extruding machine which is used in this paper.
The billet and die shapes and sizes are same as the Deform simulation used in Section 3.
We preheated the billet form room temperature to 450 °C in 1 h in a heating furnace and
held for 3 h to achieve a uniform internal temperature of the billet, and preheated the die
to 200 °C in the heating furnace and held for 3 h to achieve uniform internal temperature
of the die, and set the extrusion speed at 5 mm/s. Then we began the extrusion process.
Figure 13b shows the finished extrusion pipe.

In Figure 13b, @ is the initial extruded part and () is the final extruded part. At 3,
the distance to the initial extrusion position (D) of the 2A12 pipe is about 10 mm. We took
samples along the pipe extrusion direction and vertical to the pipe extrusion direction in
spot (3 and examined these metallographic organization after corrosion and polishing.
Figure 14 shows the samples’ metallographic images.

Figure 14a shows the grains along the extrusion direction are almost recrystallized
grains after rapid large plastic deformation, and the grain size is relatively more uniform
and smaller, and Figure 14b shows the grains along the vertical extrusion direction are
significantly elongated.

Figure 15 shows that during the extrusion process, the effective strain of the grain
is bigger than 2. When the deformation strain is bigger than 2, we can nearly obtain
complete material recrystallization microstructure [21], so we can take the grains along the
extrusion direction as complete dynamic recrystallization microstructure, while the grains
along the vertical extrusion direction are significantly elongated equiaxed grains with no
recrystallization properties.



Metals 2023, 13, 664

16 of 19

Figure 14. Extruded pipe’s metallographic image (a) Along the extrusion direction; (b) Vertical
extrusion direction.

We take the actual pipe production process parameters which including the 450 °C
initial billet heating temperature, the 200 °C initial heating temperature of the die, the
extrusion speed of 5 mm/s into the BP neural network prediction model of exit temperature
established in the Section 2, Section 3, and Section 4. According to Equation (14), we can
obtain that the strain rate of this tube extrusion is 0.028 s~1. The BP neural network shows
that the temperature of spot (3 in Figure 13b is 379.0 °C. Bringing this temperature into
the prediction formula if the recrystallization grain size of 2A12 aluminum alloy, we find
that the recrystallization grain size in spot (3 is 8.73 um. The grain size is 9.01 um which
is measured in the metallographic image. The relative error is 3.11%, which is very small,
so we believe the prediction model is reliable. The prediction size is smaller than the
production size. One of the reasons is that in the extrusion process, although there is a large
plastic deformation, there are still some metal tissues that cannot completely undergo a
recrystallization transformation. The recrystallized tissues at this time occupy the majority,
but there are still a small number of untransformed tissues which will make the overall
grain size of the material larger.
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Strain - Effective (mm/mm)

Figure 15. Effective Strain during extrusion process.

In summary, the predicted model established in this paper is generally reliable. In
engineering, we can predict the grain size of the extrusion material by a BP neural network.

6. Conclusions

In this paper, we establish a prediction model based on BP neural network and
material constitutive model to predict the microscopic grain size of 2A12 aluminum alloy
tube extrusion. Through the establishment of the material constitutive equation of 2A12
aluminum alloy, the observation of Gleeble samples, the simulation of the extrusion process
and the training of the BP neural network, and the verification of the actual extrusion
experiment, the prediction deviation of the established model for the micro-grain size of
2A12 aluminum alloy tube extrusion is finally 3%. Therefore, the prediction model in this
paper can be used in engineering to predict the microstructure evolution of 2A12 aluminum
alloy pipe extrusion.

For pipe extrusion with small wall thickness, we can regard the exit temperature to be
constant in the radial direction, and the metallographic organization of the metal will be the
same, and we should only study the axial temperature differences. However, the extrusion
of thick-walled pipes will have more significant differences. In the study of thick-walled
pipes one should not only consider its axial differences but also pay attention to its radial
exit temperature and metallographic organization differences.

In the extrusion process, although the material has a large plastic deformation, there
is still some metal tissue that cannot completely undergo recrystallization transformation.
The recrystallized tissue at this time occupies the majority, but there are still a small
number of incomplete broken tissues, and transformation of the organization will make
the overall grain size of the material larger. To predict the metallographic organization
and pipe properties of pipe extrusion more accurately, a detailed study of this problem is
needed subsequently.
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