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Abstract: Regulating the microstructure of powder metallurgy (P/M) nickel-based superalloys to
achieve superior mechanical properties through heat treatment is a prevalent method in turbine disk
design. However, in the case of dual-performance turbine disks, the complexity and non-uniformity of
the heat treatment process present substantial challenges. The prediction of yield strength is typically
derived from the analysis of microstructures under various heat treatment regimes. This method
is time-consuming, expensive, and the accuracy often depends on the precision of microstructural
characterization. This study successfully employed a coupled method of Artificial Neural Network
(ANN) and finite element analysis (FEA) to reveal the relationship between the heat treatment process
and yield strength. The coupled method accurately predicted the location specified and temperature-
dependent yield strength based on the heat treatment parameters such as holding temperatures and
cooling rates. The root mean square error (RMSE) and mean absolute percentage deviation (MAPD)
for the training set are 50.37 and 3.77, respectively, while, for the testing set, they are 50.13 and 3.71,
respectively. Furthermore, an integrated model of FEA and ANN is established using a Abaqus user
subroutine. The integrated model can predict the yield strength based on temperature calculation
results and automatically update material properties of the FEA model during the loading process
simulation. This allows for an accurate calculation of the stress—strain state of the turbine disk during
actual working conditions, aiding in locating areas of stress concentration, plastic deformation, and
other critical regions, and provides a novel reliable reference for the rapid design of the turbine disk.

Keywords: artificial neural network; dual microstructure heat treatment; finite element; Ni based
super alloy; turbine disks

1. Introduction

Nickel-based superalloys exhibit exceptional high-temperature strength, fatigue per-
formance, and creep resistance, making them indispensable for critical high-temperature
components in aeroengines, such as turbine disks and blades [1,2]. Advanced powder tur-
bine disks are typically formed through Hot Isostatic Pressing (HIP), Heat Extrusion (HEX),
and Isothermal Forging (IF), followed by heat treatment to tailor the microstructure [3].
The optimization of heat treatment processes to achieve the desired microstructure, thus
ensuring high-performance turbine disks, has become a hot research topic.

The exceptional high-temperature mechanical properties of nickel-based P/M superal-
loys are mainly attributed to the y’ phase precipitation strengthening [4—6]. The ordered
L12 structural ¥’ phase is embedded in and atomically coherent with the face-centered
cubic y phase. Therefore, the mechanical properties of the P/M superalloys will be influ-
enced by the morphology, size, volume fraction, and distribution of the ¥’ phase. Most
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characteristics of the v/ phase can be adjusted by subsolvus or supersolvus heat treatment
processes to achieve an optimal configuration. In addition, grain size also significantly
affects the mechanical properties of polycrystalline alloys [7]. A fine grain structure of
superalloys proves advantageous in resisting deformation at low temperatures, while also
hindering the development of grain facet fatigue cracks [8]. On the contrary, superalloys
with coarse grain structures exhibit superior resistance to both creep and crack growth
processes, especially at elevated temperatures. In the traditional manufacturing process of
the turbine disk, the microstructure and mechanical property distribution across the disk
after heat treatment are approximately uniform. However, during the operation conditions
of the aeroengine turbine disk, the disk hub endures a combination of low temperature and
high stress, while the rim is exposed to higher temperatures and lower stress. Therefore,
the turbine disk should be fabricated according to the performance requirements of specific
positions on the turbine disk.

The Dual Microstructure Heat Treatment (DMHT) method was developed to produce
dual-performance turbine disks [9,10]. This technology utilizes specially designed heat
treatment insulation and furnaces to heat treat the turbine disk. It creates a temperature
gradient in the hub and rim areas of the disk, resulting in differentiated microstructures in
different areas. To address the high-stress conditions in the disk hub and the low-stress
conditions in the disk rim, the utilization of the DMHT method as a heat treatment approach
for the disk can effectively meet the performance requirements for the turbine disk.

The DMHT requires a well-designed insulation and heat treatment parameters to
meet the performance requirements for the dual-performance turbine disk. At present,
many scholars have conducted studies on predicting the mechanical performance of dual-
performance turbine disks [11-15]. The strengthening mechanisms, including weak and
strong dislocation coupling and anti-phase boundary, have been widely used to describe
the relationship between microstructure and mechanical properties. However, when inves-
tigating the relationship between microstructure and mechanical properties through alloy
strengthening mechanisms, extensive characterization of the alloy is typically required. Fur-
thermore, the accuracy of predictions heavily depends on the precision of microstructural
characterization, whereas Machine Learning (ML) is an effective alternative to overcome
these issues. ML is the method that focuses on creating algorithms capable of learning from,
predicting, or categorizing data which has been widely employed in the field of materials
science [16-19]. For instance, ML methodologies have been employed to characterize mate-
rial behaviors such as deformation [20], recrystallization [18], work-hardening [21], and
even the compositional design of new alloys [22]. However, predicting the performance
of DMHT turbine disks using machine learning is still challenging, and there have been
no previous reports on this topic based on the authors’” knowledge. In this study, we
successfully employed a coupling of machine learning and finite element simulations to
accurately predict DMHT disk performance. We also developed an integrated model using
a user-defined subroutine to combine ANN and FEA. This model allows the simulation of
the turbine disk behavior under loading conditions, where the yield strength is predicted
based on temperature calculations, and then the predicted yield strength is automatically
updated into the yield strength of the FEA model for subsequent stress—strain analyses.
This approach effectively reduces testing costs and offers novel insights for the rapid design
of turbine disk in the future.

2. Fundamentals of FEA and ANN Coupled Method

This study employs a coupled approach of the FEA model and ANN model to predict
the yield strength of DMHT disks and establish an integrated model of FEA and ANN for
subsequent simulation of turbine disks.

Compared to traditional methods that use alloy strengthening mechanisms to predict
mechanical properties, this approach bypasses the complex and cumbersome process of
building “process-microstructure-property” models. Instead, it utilizes the machine learn-
ing technique to establish direct mapping relationships between heat treatment parameters
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and mechanical properties. By embedding this mapping relationship into the turbine disk
FEA model and using temperature histories of the DMHT simulation as the input data, the
predicted property distribution of turbine disks can be achieved. Moreover, in the operating
condition process simulations, the yield strength attribute of the disk FEA model can be
automatically updated based on the temperature distribution during the operating process
and then used for subsequent stress and strain simulations. The integrated computational
framework is shown in Figure 1.
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Figure 1. Integrated computational framework.

2.1. ANN Model

ANN with Back Propagation (BP) algorithms has become a vital tool in the study of
supper alloy. By modeling complex, nonlinear relationships among processing conditions,
microstructure, and mechanical properties, ANNs trained with BP can predict material
behavior with significant accuracy. This computational approach allows researchers to
circumvent traditional physical and empirical models, facilitating a more efficient design
and the optimization of materials and manufacturing processes.

The input data are passed through the network from the input layer to the output
layer, computing the activation at each node using the weights and activation function. If
we represent activation with a and the activation function with f, the activation at each
layer 1 can be calculated as:

20— f(wm,l(zfl) n b(z)) 1)

where W) and b(!) are the weights and biases for the I, layer, respectively.
The loss function L, such as the least absolute deviations in this study, is used to
measure the difference between the network’s output and the target values:

L=Y |y — k| )
K

where k is the number of values, yj is the predicted value, and ¢t is the target value.
By propagating the gradient of the loss with respect to each weight back through the
network, the weights are updated. The gradient at the output layer is:

60 = sign(y —t)-f' (z(l)) (3)
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where z(!) is the weighted sum of the Iy, layer and sign(x) is the sign function, returning +1
ifx >0, —-1lifx<0,and0if x = 0.
The gradient at the hidden layers is:

s — (W(1+1)T(51+1) f (Z(z)) @)

Update weights and biases:
WO — WO _ 450 (aufl)) ! 5)

where T is the matrix transpose.
p®D = p@ _ 450 (6)

Here, « is the learning rate, controlling the step size of the updates. f’ represents the
derivative of the activation function.

In the exploration of the heat treatment process, the relationship between the mi-
crostructure of the material and the heat treatment parameters was identified. The mi-
crostructure significantly influences the yield strength of the material. Accordingly, an
ANN model was constructed with two hidden layers, utilizing heat treatment parameters
as the input parameters and yield strength as the output, as illustrated in Figure 2. Given
that this study involves considering a possible three-step heat treatment process, the pa-
rameters for the first step are denoted as temperature-1 and cooling rate-1, the second step
parameters are labeled as temperature-2 and cooling rate-2, and the third step parameter is
referred to as aging type. The tensile temperature represents the experimental temperature
at which the predicted yield strength is evaluated.

O—V Yeild Strength

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

Figure 2. Architecture of an ANN model with two hidden layers.

Normalization is a pivotal step in the data processing phase. This procedure mitigates
the influence of differing dimensions, enhances the precision of the model, and simplifies
the underlying data structure. Prior to model training, all input and output data have
been normalized to fall within the range of [0,1], a process which can be mathematically
expressed as follows:

= @)

As illustrated in the given expression, the normalized data are denoted by x/, while x,
Xmin, and Xpay represent the original data, the minimum value, and the maximum value
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of the original data, respectively. Each dimension is normalized separately within its
specific range.

Adding dropout layers in an ANN model enhances its robustness and generalization
performance. Dropout is a regularization technique that randomly deactivates a portion of
neuron nodes during training to reduce the model’s tendency to overfit. This means that,
in each training iteration, only a subset of neurons participates in forward and backward
propagation, making the model more capable of generalizing.

During forward propagation, for each training sample, the dropout layer randomly
deactivates a fraction of neuron nodes with a probability. This can be represented as:

ri ~ Bernoulli(p) (8)

Here, r; represents a binary random variable indicating whether the i;;, neuron remains
active, and p represents the probability of keeping a neuron active.

During backward propagation, the gradients of the deactivated neuron nodes are
ignored, and only the gradients of the active neurons are considered for parameter updates.

2.2. FEA Model of DMHT

To analyze the impact of strengthening phases on material mechanical properties
during the heat treatment process, it is essential to accurately measure the temperature
distribution within the turbine disk during heat treatment. Traditional methods using
thermocouples are unable to provide comprehensive and precise temperature measure-
ments across the entire turbine disk. To address this challenge, this study employs finite
element simulations to model the heat treatment process of the turbine disk and calculates
temperature distribution and trends throughout the heat treatment process, providing
valuable data for subsequent analysis [23]. The heat treatment model for the turbine disk
is illustrated in Figure 3, including the turbine disk, insulation, and vacuum furnace. The
DMHT process was analyzed in ABAQUS 2021. The temperature of the heat treatment and
the cooling rates, both of which would be input to the ANN model, were calculated by
Python scripting in the postprocess.

Figure 3. Schematic of dual-performance heat treatment components assembly.

2.3. The Integrated Model of FEA and ANN and the Analysis of Turbo Disk

To predict the yield strength of turbine disks and utilize the predicted yield strength
as material properties of the FEA model for subsequent calculations, this study proposes
an integrated method of FEA and ANN. The pretrained ANN model, along with the
weights and biases corresponding to each neuron, was transferred into the ABAQUS 2021
user-defined subroutine USDFLD. The yield strength was linked to a user-defined field.
The input data, such as HT temperatures and cooling rates, were initialized in the other
user-defined fields that were mapped from the DMHT simulation results. Finally, an actual
working condition analysis was performed on the turbine disk according to the aeroengine
ground test conditions.
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3. Materials and Experiments

In this study, a full-size dual-performance turbine disk made of the P/M superalloy
FGH4113A (WZ-A3) was successfully fabricated. The nominal chemical composition is
shown in Table 1. This alloy is a precipitation-strengthened nickel-based powder metallurgy
superalloy, with the v/ phase serving as the principal strengthening phase.

Table 1. Chemical composition of FGH4113A alloy (wt.%).

Al Ti W Mo Ta Nb Hf Ni

19.0 13.0

3.0 3.7 4.0 4.0 1.0 1.2 0.2 etc.

The preparation process of the disk was vacuum argon atomization — hot isostatic
pressing — hot extrusion — isothermal forging — dual-performance heat treatment. The
heat treatment comprised three distinct steps. First, subsolvus heat treatment at 1120 °C
was applied to ensure and improve the stability of the initial structure. Secondly, the disk
underwent supersolvus heat treatment at 1200 °C with thermal insulation covering the hub
to create a temperature gradient along its radial axis, promoting grain coarsening at the rim
while maintaining the fine grain structure at the hub. Finally, aging heat treatment at 815 °C
for 8 h improved the mechanical properties of the disk. A series of tensile tests were carried
out on samples obtained from different regions of the full-size disk to ensure an accurate
representation of the material’s performance. Figure 4 is the sketch of the tensile specimen.

f}‘
A
30
/ B2.5/8
B2.5/8 30

Figure 4. Sketch of tensile specimen.

540.02
M12x1.75

=

The v’ phase solvus temperature is dependent on the alloy’s chemical composition
and can be calculated using the CALPHAD method. For the FGH4113A alloy, the solvus
temperature for the ¥/ phase was estimated at 1152.9 °C, as shown in Figure 5. When the
heat treatment temperature reached or exceeded the solvus temperature of the y’ phase,
also known as supersolvus temperature, the y’ phase dissolved and reprecipitated during
cooling. Controlling the cooling rate during this process allows for the adjustment of the
v’ phase morphology and size distribution. Rapid quenching leads to the formation of
unimodal fine ¥’ phases, while slow cooling results in the development of a multimodal v/
phase distribution [24-27].

The subsolvus heat treatment was conducted at a temperature below the v’ phase’s
solvus temperature. In this case, part of the y’ phase remains in the alloy, particularly the
large primary v’ phase with a high body surface area ratio. Since the higher diffusion
rate of elements at grain boundaries and the coarsening of the v’ phase following the
Oswald-Ripening mechanism, there are larger v’ phases at grain boundaries. They also
play a role as obstacles to limiting grain growth at relative high temperatures according
to thr Zener pinning effect. However, during the subsolvus heat treatment, the majority
of intergranular y’ phase dissolved. This enables the combination of fine grain structure
and fine precipitates, resulting in superior performance for tensile strength and fatigue
resistance up to a medium temperature [28].
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Figure 5. CALPHAD result for the FGH4113A alloy.

4. Results
4.1. Tensile Experiment Results

In this study, the ANN training dataset was constructed based on the tensile experi-
mental results of a medium-sized experimental disk fabricated during our research process.
As yield strength is primarily determined by the microstructure of the alloy after heat
treatment, the heat treatment parameters were included as feature parameters in the ANN
model. The thermal treatment temperature in the ANN model is defined as the temperature
at the beginning of each thermal treatment cooling process, and the cooling rate is defined
as the average cooling rate from the thermal treatment temperature to 800 °C. Only two
aging modes were used in the heat treatment process: one involved an 815 °C hold for
8 hours, and the other involved a 760 °C hold for 16 hours. Therefore, in the ANN model,
the aging types were represented by 0 and 1. These tensile specimens were subjected to
a three-step heat treatment process in a vacuum furnace to simulate the heat treatment
process of the full-size disk. The gas quenching pressure and fan speed were adjusted to
simulate the cooling rate at different disk regions shown in Figure 6.

Fan Speed(rpm)
0 500 1000 1500 2000 2500 3000
250 & Pressure o

- o Fan Speed o
£ 200
E
g 150 S
3z e
Z 8 G0 ©
2 100
o O
S 50 L @

0 o

1.0 1.5 2.0 25 3.0 3.5 4.0

Pressure(Mpa)

Figure 6. The relationship between cooling rate and pressure as well as fan speed in a vacuum furnace.

4.2. ANN Model Training Results

In the training of the ANN model in this study, the activation function was defined as
a Rectified Linear Unit (ReLU), and the optimization was carried out using the Adaptive
Moment Estimation (Adam) algorithm. Appropriate hyperparameters were carefully
chosen for this ANN model, with a learning rate of 0.005 and a total of 2000 epochs.
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Additionally, prior to model training, all input and output data were normalized within a
[0,1] range. Dropout layers were also incorporated between the hidden layers to mitigate
overfitting on the training data and enhance the model’s generalization performance.

To evaluate the performance of the BP-ANN model, RMSE metrics and the MADP
indicators were applied. RMSE and MADP quantify the difference between the predicted
and observed values, offering insights into the model’s accuracy. Lower RMSE and MADP
values signify better alignment between predictions and actual observations. Together,
these metrics provide a well-rounded assessment of the model’s ability to predict the
outcomes accurately. The formula for calculating RMSE and MADP are given by:

1& .
RMSE = [~} (yi = 9)* ©)
i=1
n PRpp— A<
MADP = 12 M (10)
ni:1 Yi

Here, y; is the actual value, 7; is the value predicted by the model, ¥ is the mean of the
actual values, and 7 represents the total amount of data.

Utilizing 150 tensile experimental sample data points from various heat treatment
regimens and tensile test temperatures, a training set was constructed for the model. The
relationship between partial characteristic parameters and yield strength for these samples
is shown in Figure 7a—c. The dataset was divided into training and testing sets in an
8:2 ratio, following which the BP-ANN model was trained using the previously defined
model parameters. The training outcomes are depicted in Figure 7d.
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5004
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Figure 7. The partial characteristic parameters and tensile strength of the training dataset and ANN
model training results: (a) distribution of yield strength with respect to temperature-1; (b) distribution

of yield strength with respect to cooling rate-1; (c) distribution of yield strength with respect to tensile
test temperature; (d) ANN model training results.
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Model performance was assessed using RMSE and MADP, where the RMSE for the
training set was 50.37, with an associated MADP of 3.77, and the testing set exhibited an
RMSE of 50.13 with an associated MADP of 3.71. These results indicate a high level of
accuracy and reliability relative to the model’s predictions. Furthermore, the similarity in
RMSE and MADP values between the training and testing sets suggests that the model
shows no significant signs of overfitting and possesses strong generalization capabilities.

4.3. Finite Element Simulation Results

To ensure the accuracy of finite element simulation results, the thermal boundary
conditions of the FEA model need to be calibrated before simulation. The specific method
involves embedding several thermocouples in the turbine disk, referencing the measured
temperature curves during the heat treatment heating and cooling process, and adjusting
the model’s boundary conditions to match the simulated temperature curves with the
measured ones at the corresponding thermocouple positions. The placement of the thermo-
couples is shown in Figure 8a. A comparison of the measured temperature history curve
and the simulated temperature history curve is presented in Figure 8b,c, demonstrating a
good alignment between the simulated and measured temperature curves.

1200 Exp. P3 1200
Sim. P3
Exp. P4
Sim. P4 1000

1000

%) Exp. PS5 _
- == Sim.P5 1%
%’ 800 F‘x: P7 ‘31.; 800
5 - == Sim.P7 £
g 600 5 600 Exp. P1
aé_ 3 - == Sim. P1
£ Exp. P2
e 400 S 400 — == Sim. P2
Exp. P3
Sim. P3
200 200 Exp. P6
- =~ Sim. P6
0 0
100 200 300 400 50 100 150 200 250
Time(s) Time(min)
(b) (c)

Figure 8. Finite element model calibration: (a) temperature measurement point locations; (b) tempera-
ture history curve during the heating process; (c) temperature history curve during the cooling process.

In accordance with the thermal treatment specifications of DMHT, finite element
simulations were conducted in two distinct steps. In the first step, a uniform furnace
temperature of 1120 °C was applied for the subsolvus heat treatment. Subsequently, oil
quenching was performed. The holding stage temperature distribution and oil quenching
cooling rate are illustrated in Figure 9a,b.

In the second step of the heat treatment, a furnace temperature of 1200 °C was applied,
with the hub region covered by insulation, resulting in a radial temperature gradient across
the disk. This configuration effectively subjected the rim region to a full supersolvus heat
treatment while the hub region underwent a subsolvus heat treatment. Similar to step one,
oil quenching was performed after supersolvus temperature holding, and the associated
temperature and cooling rate are depicted in Figure 9¢,d.

The simulation results indicate that, during the second stage of the heat treatment
process, the transitional region attained a heat treatment temperature of approximately
1150 °C, meeting the criteria of supersolvus heat treatment for the rim region and subsolvus
heat treatment for the hub region. Furthermore, both stages of heat treatment exhibited
similar distribution patterns of oil quench cooling rates, characterized by lower cooling
rates in the central thick region of the hub.
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Figure 9. Finite element simulation results of DMHT: (a) subsolvus heat treatment temperature;
(b) subsolvus heat treatment cooling rate; (c) supersolvus heat treatment temperature; (d) supersolvus
heat treatment cooling rate.

4.4. Integration of FEA and BP-ANN

The utilization of finite element analysis to obtain temperature and cooling rate distri-
butions within the disk during the heat treatment process, with both parameters then used
as inputs for the ANN model to predict disk tensile performance, represents an efficient
method to assist in the design of the heat treatment scheme. However, in the manufacturing
process of turbine disks, the heat treatment process is often conducted on the blank disk,
which requires further machining. As a result, the simulation results of the heat treatment
process for the DMHT need to be mapped onto the final shape turbine disk model. A
schematic diagram illustrating the heat-treated disk blank and the final shape of the testing
disk is shown in Figure 10.

Considering the distinctive characteristics of the disk component, which exhibits vary-
ing mechanical properties across different regions, traditional finite element simulations
often rely on homogenized temperature-dependent and strain-rate-dependent material
properties. However, these methods fail to represent accurately the variation of material
properties on the workpiece. To address this issue, this study proposes a material property
assignment approach. Based on the heat treatment information for each element of FEA,
material properties were calculated using the ANN model and subsequently assigned
to each finite element. This coupling of ANN and FEA allowed for a precise depiction
of content mechanical performance distribution across the component. The integrated
computational framework of ANN and FEA is depicted in Figure 1, with the ANN model
and FEA results having been established in prior research.
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Figure 10. Heat-treated disk blank and the final shape of the disk: (a) 3D model of the disk; (b) photo
of the disk.

The integrated low-cycle fatigue calculation process described in this study follows

these steps:

@

@)

®)
4)

Integration of Trained ANN model: the trained ANN model was embedded into the
finite element model using a user-defined subroutine USDFLD. This included scaling
coefficients, the neural network weights, and biases for each layer. The inputs and
output of the ANN model are defined as user-defined field variables.

Finite element results mapping: the finite element prediction results obtained from the
heat-treated blank model, such as HT temperatures and cooling rates, were mapped
into the final shape turbine disk model as user defined fields.

Material property mapping: the yield strength was linked to a user-defined field
which was predicted by the ANN model.

Structural analysis: calculations were carried out based on the disk ground testing condi-
tions. Firstly, the thermal analysis was conducted according to the tested temperature
results. Secondly, a rotational load was applied to the disk for the mechanical analysis.

This integrated approach provided a comprehensive analysis of the structural behavior

by considering the influence of the heat treatment process on yield strength.

Before conducting the structural analysis, it is essential to validate the model’s accuracy.

The model used 550 °C as the input parameter for tensile testing temperature, while the
remaining input parameters were based on the mapping of the heat treatment results from
the raw blank of the disk. The predicted tensile strength results of DMHT disk and the final
shape of the turbine disk are shown in Figure 11.

Yield Strength(MPa)

(Avg: 75%)
+1,113x103
+1.107x103
+1.100x103
+1.094x103
+1.088x103
+1.081x10°
+1.075x103
+1.069x103
+1.062x103
+1.056x103
+1.050x103
+1.043x103
+1.037x103

(a) (b)

Figure 11. Tensile strength prediction at 550 °C: (a) yield strength of DMHT disk; (b) yield strength
of the final shape of the turbine disk.
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Tensile experiments were conducted at 550 °C on specimens taken from both the hub
and rim regions of the final shape turbine disk, and the results were compared with the
predicted data. As shown in Figure 12, at the test temperature of 550 °C, the predicted
tensile strength in the hub region was 1097 MPa, while the median experimental result
was 1121 MPa, indicating a slight underprediction of 24 MPa, an error of 2.1%. In the rim
region, the predicted tensile strength was 1074 MPa, compared to the experimental median
of 1091 MPa, resulting in a slight underprediction of 17 MPa, with an error of 1.6%. These
results demonstrate that the overall trends in the experimental and predicted results were
consistent. The errors in the predictions were rather small, indicating that the model’s
performance was quite accurate and reliable for predicting the tensile strength.

1200

11501

1100 1091 91097
==1074

1050 -

1000 -

Yield Strength(Mpa)

950 -

900 . . . .
Rim Exp. Rim Sim. Hub Exp. Hub Sim.

Figure 12. Yield strength prediction validation at 550 °C.

The integrated simulation of FEA and ANN was conducted under low-cycle fatigue
experiment conditions of the turbine disk. The turbine disk operated at an actual speed of
15,000 rad /min, with measured temperature distributions of 320 °C at the disk hub and
570 °C at the rim. Temperature distribution and corresponding predicted tensile strength
are displayed in Figure 13a,b. The finite element results calculated using the integrated
model can effectively capture the uneven yield strength caused by the non-uniform temper-
ature distribution after loading, enhancing the accuracy of subsequent stress calculations.
The calculated Von Mises stress results are presented in Figure 13c, and the equivalent
plastic strain results are shown in Figure 13d; minor yielding can occur, possibly, at the
bolt-hole locations. This approach enabled the prediction of the yield strength distribution
under actual working conditions of the turbine disk and the identification of failure regions,
providing an efficient means for turbine disk heat treatment design. Additionally, by using
the predicted yield strength distribution and stress state under actual working conditions,
it is possible to perform topological optimization of the turbine disk geometry to reduce
disk weight and enhance material utilization.
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Figure 13. DMHT model for disk mapping and yield strength prediction: (a) temperature distribution
during the test; (b) calculated material yield strength at the temperature of (a); (c) calculated stress
distribution under testing conditions coupled with the material properties from (b); (d) calculated
equivalent plastic strain distribution under testing conditions coupled with the material properties
from (b).

5. Discussion
5.1. Qualitative Analysis of the Strengthening Mechanism

The strengthening mechanism in powder metallurgy (P/M) nickel-based superal-
loys primarily involves solid solution strengthening, grain boundary strengthening, and
precipitation strengthening and can be summarized as follows:

Oys = Uss + Ogs + Ops (11)

For a specific alloy, at equilibrium state, the volume fractions of various alloy phases
are temperature-dependent and remain unchanged regardless of variations in heat treat-
ment processes. Consequently, for the F4113A alloy, the contribution of solid solution
strengthening to yield strength remains constant. However, grain boundary strengthening
and precipitation strengthening are highly correlated with the morphological character-
istics of the alloy microstructure. Moreover, under different heat treatment regimes, the
alloy microstructure exhibits significant variations, thereby becoming the primary factor
influencing whether the alloy exhibits excellent tensile property or not.

To validate the relationship between microstructure and yield strength, samples were
collected from different regions of the disk component for microscopic observation of their
microstructures in Figure 14, including the measurement of the average grain size and
average size of the secondary v’ phase.
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Figure 14. SEM micrographs of FGH4113A dual-performance turbine disk: (a) sampling point of
turbine disk; (b) low magnification showing the v’ size in different regions of the turbine disk.

5.1.1. Solid Solution Strengthening

Solid solution strengthening in the y and Y/ phases has been commonly considered
for the calculation of the overall yield strength. The chemical composition of each phase
directly affects the extent of solid solution strengthening [29,30]. The contribution of solid
solution strengthening to the y and Y phase, 055" and (75557,, can be written as:

ot = (0 1) [ £ " )

i

vees? = fW/Z(S;Y,)2 (13)

i

Here, f, is the volume fraction of the v phase, S) and S?/ are the degree of solid
solution strengthening in the y and v’ phases, respectively, and can be explained as:

ST = B x;7 (14)

1/2

s =7 () (15)

The x;7 and x;7 are determined by the concentration of element i in each precipitate
phase, B;7 and [3,-7/ are constants related to the atomic size and modulus.

5.1.2. Grain-Boundary Strengthening

The contribution of grain boundary strengthening to the room temperature yield
strength in the FGH4113A alloy is commonly represented using the Hall-Petch relationship,
expressed as follows:

Nogs = fhydm /2 (16)

where f is the volume fraction of the y grain, ky represents the Hall-Petch coefficient, and d,
denotes the average grain size. According to the Hall-Petch relationship, the contribution
of grain boundary strengthening to the yield strength increases as the grain size decreases.
From Figure 153, it is evident that, during the DMHT process, the insulation-covered area of
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the turbine disk maintained a smaller grain size. This, effectively, enhances the contribution

of grain boundary strengthening to the yield strength of the turbine disk hub.
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Figure 15. Statistics of the microstructure in dual-performance turbine disk: (a) the average grain
size; (b) the secondary v’ size.

At high temperatures, thermal activation promotes the movement of dislocations,
resulting in the activation of a greater number of slip systems compared to room temper-
ature. Relative to the matrix, the strength of grain boundaries diminishes rapidly with
increasing temperature. Under the influence of applied stress, this manifests as extensive
intergranular slip, where grain boundaries lose their ability to impede dislocation motion.
Concurrently, at high temperatures, grain boundaries are prone to diffusion, causing their
migration, further exacerbating deformation. Consequently, grain boundary strengthening
diminishes and can even vanish as temperature rises.

5.1.3. Precipitation Strengthening

The precipitation strengthening mechanisms primarily include weak pair coupling,
strong pair coupling, and Orowan bowing mechanisms. The interaction between dislo-
cations and the vy’ phase is significantly influenced by the size of the Y’ phase, and the
enhancement of the strengthening is attributed to the formation of antiphase boundaries.
When the size of the y’ phase is approximately smaller than 20 nm, multiple vy’ phase
particles might exist within two adjacent dislocations, a condition known as weak-pair
coupling [4]. If a following dislocation enters the y’ phase while the trailing dislocation is
still within the y’ phase, it is termed as strong-pair coupling [4]. The strengthening effect of
the weak-pair coupling mechanism increases with a decrease in the size of the y’ phase,
whereas the strong-pair mechanism exhibits the opposite behavior. As the size of the y/
phase further increases and interparticle spacing enlarges, the force required for dislocation
bowing diminishes, gradually shifting the interaction mechanism with the y’ phase toward
the predominant Orowan bowing mechanism.

Formulas for weak-pair coupling and strong-pair coupling are as follows [11]:

st = 3(42)! (M) 4= 3 (2)s,

1/Gb\ . 12 7idsy apB 12
z(ds>f7’ 0.720( TTA% g

Among these, T represents the critical shear stress, y4pp stands for the anti-phase
boundary energy per unit area, b denotes the Burgers vector, ds signifies the mean diameter
of the ¥’ phase, f,/ represents the volume fraction of the v’ phase, A is the geometric factor,

(17)

ATstrong = (18)
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G denotes the shear modulus of the ¥’ phase, w is a parameter reflecting the elastic and it
assumes a value of 1, while T is a line tensor, expressed as follows:

o

T
2

(19)

According to the formula, it is evident that the most influential variables affecting
strengthening are the size and volume fraction of the y’ phase. When the vy’ size meets
the critical dimension, it activates both the weak-pair coupling and strong-pair coupling
cutting mechanisms.

If the size of the v/ phase is large, the interaction mechanism between dislocation pairs
and the v’ phase will transition from the strong-pair coupling mechanism to the Orowan
bowing mechanism, satisfying the following formula:

GB
Toro = T (20)

where L represents the effective interparticle spacing:

8
L= Eﬁ*_% (21)

At the equilibrium state, the volume fraction of the y’ phase is primarily temperature-
dependent. When its size is larger, resulting in lower density, the interparticle spacing
increases. Consequently, the force required for dislocation bypass around the v’ phase
decreases. Calculations from the formula indicate that the critical size for weak coupling
and strong coupling of the ¥’ phase is approximately 40 nm, while the critical size for strong
coupling and Orowan bowing mechanism of the ¥ phase is around 530 nm, as shown
in Figure 16. When dislocations come into contact with the v’ phase, the precipitation
strengthening mechanism, requiring a lower critical shear stress, is preferably initiated.
Hence, when the gamma phase is below 530 nm, the precipitation strengthening mechanism
is dominated by the coupling mechanism. Conversely, the Orowan bowing mechanism
predominantly operates in precipitation strengthening when the gamma phase exceeds this
threshold.

500
—e— Orowan Bowing
—=a— Strong-pair Coupling
400 - —&— Weak-pair Coupling
E 300/
2
7
e 200
o
100
01

0 100 200 300 400 500 600
Average 7' Diameter(nm)

Figure 16. The critical shear stress required for the v’ phase size and the corresponding dislocation
interaction mechanisms in the FGH4113A alloy.

During the DMHT process of the turbine disk, the temperature in the hub region
remains lower than the alloy’s solidus temperature, resulting in incomplete dissolution of
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the primary v’ phases into the y matrix. As depicted in Figure 14b, numerous remnants of
the primary vy’ phases persist in the hub region. In contrast, the rim region exhibits the op-
posite behavior, as the heat treatment temperature exceeds the alloy’s solidus temperature,
resulting in the complete dissolution of v’ into the y matrix.

Combining the analysis of the cooling rates, in the rim region, the heat treatment
cooling rate gradually decreases radially from the center toward the edge. Consequently,
the size of the precipitated v’ phases increases progressively during the cooling process. In
the hub region, due to the central hole penetrating through the disk, the cooling rate in the
central part, in the radial direction, is the slowest, while both the outer and inner regions
exhibit faster cooling rates. This results in the largest size of the ¥ phases in the central part,
while the corresponding sizes in the outer and inner regions are smaller than those in the
central part. Simultaneously, although the cooling rate in the hub region is slower than that
in the edge region, the hub’s heat treatment temperature is actually sub-solidus, allowing
the undissolved primary v’ phases to occupy the elements necessary for the formation
of the v’ phases. Consequently, the secondary y’ phases are smaller in the hub region
compared to the rim.

From Figure 14b, it is evident that, in the rim region of the turbine disk, the y’ phases
fully dissolved after the heat treatment and reprecipitated as smaller-sized secondary y’
phases. Meanwhile, in the hub region of the turbine disk, both the undissolved larger-sized
primary v’ phases and the reprecipitated secondary v’ phases coexist. Additionally, as
depicted in Figure 15b, in the rim region of the turbine disk, the precipitation strength-
ening mechanism is predominantly governed by the dislocation coupling mechanism,
whereas, in the hub region, both dislocation cutting and Orowan bowing mechanisms
act concurrently. Compared to the Orowan bowing mechanism, the dislocation coupling
mechanism contributes more significantly to the yield strength, particularly in the hub
region where the smaller grain size amplifies the effect of grain boundary strengthening.
Hence, a combination of various strengthening mechanisms results in the difference in
yield strength between the hub and rim regions.

5.2. Validity of the Integrated Model

This study establishes an ANN model to predict the yield strength of the turbine disk
based on a dataset of tensile experimental data. The training results of the model can accu-
rately reflect the trend of the yield strength under different heat treatment parameters, but
there is still a certain error in the specific numerical value. There are several sources of error.
First, in the process of establishing the model, the influence of the initial microstructure on
tensile properties was not considered. In the process of material preparation, due to process
limitations, both HIP and HEX processes will bring a certain degree of microstructure
heterogeneity, which is one of the sources of error. Second, in the cooling process after
the heat treatment, cooling is not a linear process and strengthening phases precipitate
and grow faster at high temperatures. Using the average cooling rate as an input to the
ANN model cannot accurately reflect the trend of material microstructure changes with
decreasing temperature, which will also affect the final prediction results. Third, in the
process of DMHT simulation, due to the complexity of actual working conditions, the
simulation results and actual results cannot fully coincide, which also causes errors.

To address the aforementioned issues, during the training process of the ANN model,
more factors affecting the tensile strength due to the heat treatment need to be considered
as input parameters for the model, or the heat treatment parameters need to be refined and
the amount of training set data need to be increased. In the FEA simulation of the heat
treatment process, more temperature measurement points need to be added to the disk
for accurate temperature measurement to calibrate the model. However, this also greatly
increases the difficulty and complexity of data acquisition.
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5.3. Application in Turbine Disk Design

If there is a sufficient amount of material data available, the integrated computational
approach described in this study could be applicable to construct other material property
models, such as creep and fatigue models, and can be used for the rapid design of dual-
performance turbine disks. At the rim, fatigue life can be improved by coarse grain, which
is obtained from the supersolvus heat treatment. At the hub, sub-solution heat treatment
can keep the fine grain size, which is beneficial to the creep performance. By optimizing
processes and the structural design, it is possible to make better use of materials at different
locations, achieving a more even service life and, consequently, reducing component weight.

In the case of the need to optimize the heat treatment process for the DMHT disk,
various plans involving the disk and insulation geometry and DMHT parameters can be
designed for the integrated calculation. The feasibility of these plans is assessed through
the calculation results and adjusted according to the property requirement of the turbine
disk. For example, as described in this study, there is a stress concentration issue at the
bolt-hole positions during loading, as shown in Figure 13d. However, the DMHT disk does
not exhibit the highest yield strength at the bolt-hole positions, as indicated in Figure 11a.
An analysis has revealed that the bolt-hole positions on the original DMHT disk are in a
transitional zone between supersolvus and subsolvus heat treatment, while the supersolvus
region has a higher yield strength. Therefore, one of the approaches to address this issue
could be increasing the coverage area of the insulation to fully cover the heat treatment
bolt-hole positions.

In the structural design of the turbine disk, calculations can be performed based on the
given geometry of the turbine disk, the heat treatment process, and the loading conditions.
Subsequently, structural optimizations of the turbine disk can be carried out according to
the simulation results. In regions where stress concentrations occur, the original design can
be retained or reinforced. In areas where there is no stress concentration, materials can be
reduced to create a more structurally efficient turbine disk.

6. Conclusions

The yield strength prediction of the dual-performance turbine disk was developed
using a method of integration of FEA and ANN. The following conclusions can be drawn
from this study:

(1)  An ANN model for predicting the yield strength of the turbine disks based on the
DMHT parameters was constructed using tensile test samples from medium-sized
experimental disks. RMSE and MAPD for the training set were 50.37 and 3.77, respec-
tively, while, for the testing set, they were 50.13 and 3.71, respectively. The model
exhibited good predictive performance.

(2) Through FEA, the DMHT process was simulated, and the temperature and cooling
rate distribution during the DMHT process of the disk were obtained. Prior to
the simulation, the thermal boundary conditions were calibrated, ensuring that the
simulation results were highly reliable.

(3) A coupled method of FEA and ANN was established for yield strength prediction.
The temperature and cooling rate data from the DMHT simulation results were used
as input parameters for this coupled method, which successfully predicted the yield
strength of the DMHT model.

(4) Anintegrated model of FEA and ANN was established using a user subroutine. In
the loading process of the turbine disk, the yield strength was predicted based on
temperature calculation results, and material properties were updated automatically.
This approach successfully predicted the stress and strain states of the turbine disk
during the actual loading process.
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