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Abstract: In order to deeply understand the grain growth behaviors of Ni80A superalloy, a series of grain growth
experiments were conducted at holding temperatures ranging from 1223 to 1423 K and holding time ranging from 0 to
3600 s. A back-propagation artificial neural network (BP-ANN) model and a Sellars model were solved based on the
experimental data. The prediction and generalization capabilities of these two models were evaluated and compared on
the basis of four statistical indicators. The results show that the solved BP-ANN model has better performance as it has
higher correlation coefficient (r), lower average absolute relative error (AARE), lower absolute values of mean value (u)
and standard deviation (w). Eventually, a response surface of average grain size to holding temperature and holding
time is constructed based on the data expanded by the solved BP-ANN model, and the grain growth behaviors are

described.
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1 Introduction

In the hot deformation processes of nickel-
based alloys, grain growth is a main microstructure
evolution mechanism that cannot be ignored [1,2].
Aiming to characterize grain growth behaviors, a
large number of works have paid attentions to
developing various empirical models such as Beck
model [3], Arrhenius model [4], Sellars model [5],
Anelli model, and Sellars—Anelli model [6,7]. In
Beck model and Arrhenius model, only one
influence factor of average grain size, i.e., holding
time or holding temperature, is considered, so that
such models can only characterize the grain growth
behaviors at a constant holding temperature or a
constant holding time. In Sellars model, Anelli

model and Sellars—Anelli model, two influence
factors, i.e., holding time and holding temperature,
are considered, so that these models describe the
grain growth behaviors more accurately, and even
achieve wide applications. However, the solutions
of a series of coefficients in these empirical models
need many experimental data, which limits their
application.

In recent years, artificial neural network
(ANN), and its improved form, back propagation
artificial network  (BP-ANN), as
computational tools based on the operation of
biological systems, have more and more
applications in mapping
relationships and predicting the

neural

various  nonlinear
data under
unknown conditions [8§—17]. It is worth noting that

ANN doesn’t need an explicit expression, and is
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motivated to address the different aspects of
learning, inducing and deducing. That is to say,
ANN can help draw conclusions from case
observations and address the issues of prediction
and interpretation. There have been a lot of reports
dealing with the applications of ANN in predicting
flow stress, and these works reveal that ANN is an
effective method to describe the nonlinear
behaviors in material field [9—13]. However, few
attentions were paid to the applications of ANN in
characterizing the grain growth behaviors.

In this work, BP-ANN method was introduced
to characterize the grain growth behaviors of Ni§0A
nickel-based alloy. A series of grain growth
experiments under different holding temperatures
(1223—-1423 K) and different holding times
(0-3600s) were conducted on M.MF.03000
numerical-controlled furnace. According to the
experimental results of grain size, a BP-ANN
model considering holding temperature and holding
time as the input variables, and average grain size
as the output variable, was solved. Meanwhile, a
classical empirical model, Sellars model, was
solved for comparisons. Subsequently, the
performance of two models were evaluated by a
series of standard statistical indicators including
correlation coefficient (), average absolute relative
error (AARE), mean value (u) and standard
deviation (w). Finally, the influence of holding
temperature and holding time on grain size was
uncovered by a response surface constructed based
on the expanded data by the solved BP-ANN
model.

2 Experimental

The chemical compositions of NiSOA are (in
wt.%) 20.87 Cr, 2.07 Ti, 1.26 Fe, 0.68 Al, 0.63 Mn,
0.55 Si, 0.069 C, 0.01 S, and balanced Ni. The
as-received material here is an as-forged billet
with a diameter of 300 mm after homogenizing
annealing. Thirty-five specimens with a diameter of
10 mm and a height of 12 mm were machined
through wire-electrode cutting process from the
as-received  material. The heat treatment
experiments were carried out in a numerical-
controlled furnace with holding temperatures of
1223, 1273, 1323, 1373 and 1423 K and holding
times of 0, 600, 1200, 1800, 2400, 3000 and 3600 s.
After isothermal heating experiments, all the

specimens were quenched by water immediately. To
meet the needs of microstructural observations, the
specimens were sectioned symmetrically by
wire-electrode cutting. The cutting surfaces were
polished mechanically and etched in a solution of
HCI (100 mL), H,SO4 (5 mL) and CuSO4 (5 g) at
room temperature for 60s. Subsequently, the
microstructures in the section center were observed
with the metallographic microscope, following
which statistical analysis of grain size was
conducted by the image analysis software of
Image-Pro Plus. The average grain size was
determined from a lot of individual grains by the
method of linear intercept according to the ASTM
standard E112 [18]. The original microstructure of
the as-received specimen is almost homogeneous
with an average size of 34.8 pm, as shown in Fig. 1.
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Fig. 1 Original microstructure of Ni80A (a) and
histogram of grain size (b)

3 Results and discussion

3.1 Description of average grain size evolution
by statistical analysis
Figures 2—6 represent the microstructures of
Ni80A heated at different holding temperatures and
holding time. They obviously indicate normal grain
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Fig. 2 Microstructural evolution of Ni80A during heating at 1223 K for different holding time: (a) 0 s; (b) 600 s;

(c) 1200 s; (d) 1800 s; (e) 2400 s; (f) 3000 s; (g) 3600 s

growth behaviors with grain boundaries becoming
straight and adjacent grain boundary angle being
close to 120°. A few lamella-like straight annealing
twins are found among the main equiaxial grains

induced by static recrystallization. The average
grain sizes at different holding temperatures and
holding time are counted statistically, as listed
in Table 1. It is summarized that the original grains
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Fig. 3 Microstructural evolution of Ni80A during heating at 1273 K for different holding time: (a) 0 s; (b) 600 s;

(c) 1200 s; (d) 1800 s; (e) 2400 s; (f) 3000 s; (g) 3600 s

have grown up obviously from average size of
34.8 um to a high value.
3.1.1 Influence of holding temperature

In order to further uncover the influence of

holding temperature on average grain size, the
variations of average grain size with holding
temperature at different holding time are plotted in
Fig. 7. It is shown that a fitting curve at a certain
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Fig. 4 Microstructural evolution of Ni80A during heating at 1323 K for different holding time: (a) 0 s; (b) 600 s;

(c) 1200 s; (d) 1800 s; (e) 2400 s; (f) 3000 s; (g) 3600 s

holding time exhibits the significant characteristics
of quadratic function. The grain growth rate
increases gradually with the increase of holding
temperature. Grain growth rate is related to the

speed of grain boundary migration [1]. High
temperature can promote the grain boundary
migration. However, the presence of precipitates/
carbides in the Ni80A involving Gamma prime
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Fig. 5 Microstructural evolution of Ni80A during heating at 1373 K for different holding time: (a) 0 s; (b) 600 s;

(c) 1200 s; (d) 1800 s; (e) 2400 s; (f) 3000 s; (g) 3600 s

phase, M,;Cs, M;C5 and MC, have great effects on
grain boundaries such as hindering the grain
boundary migration, and restricting the grain
growth [19]. Table 2 gives the solvus temperature of

precipitates/carbides in Ni8OA [20]. The effect of
restriction decreases gradually with the increase of
holding temperature, since the precipitates/carbides
are gradually dissolved over time. This is the reason
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Fig. 6 Microstructural evolution of Ni80A during heating at 1423 K for different holding time: (a) 0 s; (b) 600 s;

(¢) 1200 s; (d) 1800 s; (e) 2400 s; () 3000 s; (g) 3600 s

why the grain growth rate increases gradually.
3.1.2 Influence of holding time

In order to further uncover the influence of
holding time on average grain size, the variations of

average grain size with holding time at different
holding temperatures are plotted in Fig. 8. It is
shown that a fitting curve at a certain holding
temperature exhibits the significant characteristics
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Table 1 Average grain size and corresponding standard deviation under different heating conditions (um)

Holding temperature/K
Holding time/s
1223 1273 1323 1373 1423

0 137.6+56.6 141.9+56.9 146.2+56.4 149.6+55.7 161.6+53.8
600 141£56.7 145.9+56.2 152.9455.1 164.5+53.3 172.4+49.1
1200 143.1£56.3 150.4+55.2 156.2+54 172.4+49.6 186.8+44.3
1800 148.6+55.8 153.6+54.6 161.4+52 177.1+45.9 196.1+37.9
2400 148.8+55.6 159.7+£52.8 164.2+51 179.6+43 202.1£36.2
3000 149.4+55.4 160.1+52.7 165.9+50.3 186.4+36.2 204.9+36.9
3600 149.2+55.9 163.6+51.7 171.3+46.8 186.2+35.6 205.5+36.1
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Fig. 7 Variations of average grain size with holding
temperature at different holding time

Table 2 Solvus temperature of different phases in NiSOA

Phase Solvus temperature/K
y >1223
M,;Cs 1323-1368
M;C; 1368—1423
MC <1523
2l = —1223K
e — 1273 K
4 —1323K
g 195+ v—1373K
2 +—1423K
N
=
I
o0
g
<

1200 1800 2400 3000 3600
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Fig. 8 Variations of average grain size with holding time
at different holding temperatures

of parabolic function. It can be seen that with
increasing holding time, average grain size
increases gradually, while grain growth rate slows
down. This is because grain growth is featured by
time-exhausting
process. facilitates  the
sufficient movement of grain boundaries. However,
under the limited driven force, the further migration
of grain boundaries becomes difficult with
increasing holding time. Therefore, average grain
size is little altered with further increase of
holding time. Similar results have been obtained in

Refs. [2,21].

grain boundary migration, a
Long holding time

3.2 Modeling average grain size evolution by
physical method
In order to obtain the quantitative relationships
among grain size, holding time and holding
temperature, a classical grain growth model, Sellars
model, is used to describe the grain size evolution
of Ni80A [5], which is given as follows:

d" =dg + Atexp[-0Q,, / (RT)] (1)

where d is average grain size, d, is initial grain
size, Qg 18 grain growth activation energy, 4 and
m are material constants, R is the gas constant
(8.314 J/(mol-K)), T is the holding temperature, and
t is the holding time.

Under given ¢ and m, d is only determined by 7.
Taking natural logarithms on both sides of Eq. (1),
Qg can be calculated as follows:

_aln(d" —dg)

a(1/T) )

Qgg -

However, it is difficult for conventional
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numerical analysis methods to solve these constant
values since m is unknown. In this work, m is
assumed to be determined value (1, 2, 3, 4, 5, 6,
7, 8, 9 and 10), and then other constant values
corresponding to each assumed m can be calculated.
Furthermore, MSE as Eq. (3) is introduced to
evaluate the accuracy of Eq. (1) under different
assumed m, as illustrated in Table 3.

_ 1S g _py
MSE N;(E[ P) (3)

where E; is the experimental value, P; is the
predicted value, and A is the number of samples.

Table 3 MSE corresponding to different m
m MSE m MSE
1 56.98 6 8.77
2 34.02 7 12.77
3 19.53 8 22.06
4 14.62 9 34.89
5 10.68 10 49.48

Figure 9 illustrates the nonlinear relationship
between MSE and m. The relationship can be
represented as follows:

MSE=103.889-63.434m+19.914m>~3.534m*+
0.323m*-0.011m° 4)

In Eq. (4), with the increase of m, the MSE
decreases to a valley value and then increases.
When m is equal to 5.6174, the valley value of
MSE can be reached.

Substituting m into Eq. (2), the curves of
In(d"™—dy') vs —1/(RT) can be plotted under
different holding times, as shown in Fig. 10. The
mean slope of these curves is calculated as Q,,,
which is equal to 206004 J/mol. At the same time, 4
can be calculated to be 3.993x10".

Substituting aforementioned constants into
Eq. (1), Sellars model of Ni80A is solved as
follows:

d5.6174 :dg.6174 +3.993X1017t'
exp[~206004 / (8.314T)] (5)

To verify the validity of Sellars model, a
comparison of the model predictions and
experimental measurements is demonstrated in
Fig. 11. Results show the correlation coefficient (r)

of solved Sellars model. » close to 1 indicates that
the calculated average grain sizes are in agreement
with the experimental data.
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Fig. 9 Relationships between MSE and m
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Fig. 10 The relationships between In(d” —d;') and
~1/(RT)
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Fig. 11 Comparison of Sellars model and measured
values of grain growth
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3.3 Modeling average grain size evolution by

BP-ANN method

BP-ANN is a multilayer feed forward network
trained by the backward propagation learning
algorithm. The structure of BP-ANN contains one
input layer, one output layer and one or more
hidden layers. The function of the input layer is to
accept the output layer signal. The function of the
output layer is to generate the output signal. The
function of the hidden layer is to link input layer
and output layer. In common, the sophisticated
construction of BP-ANN includes the selection of
appropriate transfer function and the design of the
appropriate numbers of hidden layers and units in
each layer. The ideal structure of BP-ANN consists
of as few hidden layers and connections as possible,
which is necessary to achieve a good approximation
of the true function. The neurons number of hidden
layer is usually determined by the designer’s
experience and a trail-and-error procedure.
However, a network with fewer hidden units than
the required number will not be able to learn the
input and output mapping, and too many hidden
units will not be able to summarize any unseen
data [17]. To approach the proposed accuracy, at
beginning, BP-ANN model is trained with only two
neurons for each hidden layer, following which the
neuron number is adjusted continually (three, four,
etc) [16]. The process is repeated by changing the
number of neurons. Finally, one hidden layer and
four neurons in hidden layer are favorable enough
for the final network architecture. As an empirical
fact, “trainbr” function and “learngd” function are
selected as the training function and learning
function, respectively. Meanwhile, the selected
transfer function is “Tansig” for hidden layer,
whereas “Purelin” for output layer.

In this work, input layer units correspond to 7'
and ¢, and output layer units correspond to d. The
schematic structure of BP-ANN is shown in
Fig. 12. The total thirty-five grain size datasets
are divided into training dataset and
independent test dataset. The training dataset
includes the experiment data at 1223, 1273, 1373
and 1423 K. The left experiment data are
considered as test dataset to test the BP-ANN work
performance.

As given in Table 1, holding temperatures vary

Error signal back propagation
— —

Input layer Hidden layer

Output layer
Function signal forward feed

Fig. 12 Schematic of BP-ANN architecture

from 1223 to 1423 K, holding times vary from 0 to
3600 s, and average grain size vary from 139.1 to
205.5 pum. To eliminate the arbitrary influence of
similarity between the objects and speed up the
convergence of the training network, dimensionless
normalization of all dataset must be carried out. The
normalization equation is given as follows:

X-095X,,
1.05X,  —0.95X

min

X, =0.05+0.25x (6)
where X is the initial data of input or output
variable; Xin, Xmax and X, are the minimum value of
X, the maximum value of X and the value of X after
normalization processing, respectively.

In addition, the network adopts an evaluator,
the sum of squared errors (SSE) [22,23], to evaluate
the ability of the BP-ANN training model. The
function of SSE can be defined as follows:

N
SSE=)(E,~R)’ (7)
i=1

Here, the
maximum SSE, is set to be 0.001. This work is done
by the Neural Network Toolbox.

By the well-trained BP-ANN model, the grain
sizes under different experiment conditions are

proposed accuracy, i.e., the

predicted. Figure 13 shows the comparisons
between the average grain size values predicted by
the solved BP-ANN model and the experimental
grain size, which indicates that the solved BP-ANN
model can effectively grasp the evolution of the

average grain size.
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Fig. 13 Comparisons of BP-ANN prediction values
with experimental values under different experiment
conditions

3.4 Prediction capability comparison between

BP-ANN model and Sellars model

To evaluate the prediction accuracy of
BP-ANN model and Sellars model, three statistical
indicators including relative error (J), average
absolute relative error (AARE) and correlation
coefficients (7) are introduced into this work. ¢
expressed by Eq. (8) represents the ratio of the
prediction error to the experimental value. AARE
expressed by Eq. (9) represents the average value of
the unsigned error. » expressed by Eq. (10)
represents the degree of linear correlation among
variables. it is worth pointing out that higher r,
lower AARE and lower absolute value of J indicate
higher prediction accuracy:

5:%%00% (8)

i

210
200

—
Nl
(=}

r=0.9982
AARE=0.52% o

—
©
[«

170 +

160 | o &0

Predicted value/pum

150+
140 1

1307140 150 160 170 180 190 200 210

Experimental value/um

Predicted value/um

2445
1 \P-E,
AARE =—>"|--—1/x100% 9)
N i=1 i
N _ N _
Y (E,—E)) (P -P)
_ i=1 i=1
r=— — = (10)
D (E~E)) (P-P)
i=l1 i=l1
where E and P are the mean values of
experimental values and predicted values,
respectively.

The calculation results show that as for
BP-ANN model, ¢ varies from —2.22% to 1.53%;
whereas as for Sellars model, it varies from —3.32%
to 3.37%. Figure 14 shows the correlation
relationships between the experimental values and
predicted values by BP-ANN model and Sellars
model, respectively. The r values of BP-ANN
model and Sellars model are 0.9982 and 0.9907,
respectively. The AARE values of BP-ANN model
and Sellars model are 0.52% and 1.45%,
respectively. It can be concluded that BP-ANN
model relative to Sellars model has higher » and
lower AARE.

In order to further evaluate the accuracy of
BP-ANN model and Sellars model, the distribution
of J is analyzed, as shown in Fig. 15, in which the
histogram height represents the relative frequency
of 0. The histogram distribution exhibits a
characteristic of typical Gaussian function as
Eq. (11). In Eq. (11), the indicator of mean value (u)
as Eq. (12) reflects the central tendency, and the
indicator of standard deviation (w) as Eq. (13)
reflects the discrete degree of dispersion. Here,
the ¢ and o of Sellars model are —0.62235% and

210
200 1

(b)

r=0.9907
AARE=1.45% o

&

170 L%
o)

160 o6 ®

o

— —_—
[ee] el
S S

T
o

150 |
140 ¢

1307 140 150 160 170 180 190 200 210

Experimental value/um

Fig. 14 Correlation between predicted and experimental values for BP-ANN model (a) and Sellars model (b)
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Fig. 15 Distribution of relative errors on grain size predicted by BP-ANN model (a) and Sellars model (b) relative to

experimental ones

0.7027%, while the i and w of BP-ANN model are
—0.02729% and 0.63031%. It can be concluded that
the distribution of J obtained from the BP-ANN
model is more concentrated.

y=y0+AeXp{M} (11)
—2u
1 N
—NZI:@ (12)
'va 1;;( (13)

where J; is the value of relative error; y, and A4 are
constants, and here N=30.

3.5 Prediction potentiality of BP-ANN model

It is worth pointing out that the average grain
size of samples heat-treated at 1323 K, as the test
dataset, did not participate in the training process of
BP-ANN model, whereas all the grain
participate in the solving process of Sellars model.
The comparisons of J, AARE, r, ¢ and o for
BP-ANN model and Sellars model show that the
former has higher prediction accuracy. In another
word, BP-ANN model achieves higher learning
ability while it needs less data to participate in the
model construction. Subsequently, BP-ANN model
was applied in expanding the average grain size at
different holding temperatures (1223—1423 K) and
holding times (0—3600 s). Based on the expanding
data, a response surface of average grain size to

size

holding temperature and holding time, is

constructed, as shown in Fig. 16. Consequently,
the correspondence relationships among grain
size, holding temperature and holding time are
mapped.

d/um

207.4
2005
193.7
186.8
180.0
173.1
166.2
159.4
152.5
145.7
13838

De; 0%
Tatype, /K Ng

Fig. 16 Response surface of average grain size on
holding temperature and holding time

4 Conclusions

(1) A Sellars model is solved. The activation
energy of grain growth of Ni80A is calculated to be
206004 J/mol. A BP-ANN model taking holding
temperature (7) and holding time (¢) as the input
variables, and average grain size (d) as the output
variable is constructed.

(2) r, AARE, p and @ of BP-ANN model are
0.9982, 0.52%, -—0.02729% and 0.63031%,
respectively, while these indicators of Sellars model
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0.9907, 1.45%, —0.62235% and 0.7027%,

respectively. Higher , lower AARE, lower absolute
values of i and w indicate that BP-ANN has higher
prediction accuracy.

holding temperature and holding time is constructed.

(3) A response surface of average grain size to

Then, the corresponding relationships among grain
size, holding temperature and holding time are

mapped.
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ETF BP-ANN #1 Sellars 1= #YA4
BESEESERNKKXITHRIERHEHLLR

RER', % &' D@k kEF', REA', ZILK’

1. ERKZ MRRE S TR, HIK 400044;
2. EIRKZE HARTRSRE, BEIK 400045

O NTIRAFR NiSOA HId kK& KAT N, TEARNRE(1223~1423 K)FIAFERIRET [H(0~3600 s) FiE47— %
FUR SRR K SES . Je T SEIOHRE, #57 BP M M2 3SR AR Sellars #7014 DR IHEAR LLEBATIEA X A
AV T 52 A0S Ty 45 RRW, BT ift) BP M& M4 LA B mn) r . KA AARE B, B{RML% w8
Mol wJE, TR BP ML R4 BB BT T4 fhr R T 5 15 A AR R A 1] o mr S T, i
i RLI K KAT A o

KEIA): AR OKBERL; BP WA M4 Sellars #8Y; FHdhRi R~
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