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ABSTRACT ARTICLE HISTORY
Predicting the phase precipitation of multicomponent alloys, especially the Ni-base superalloys, is Received 8 June 2020
a difficult task. In this work, we introduced a dependable and efficient way to establish the rela- KEYWORDS

tionship between composition and detrimental phases in Ni-base superalloys, by integrating high
throughput experiments and machine learning algorithms. 8371 sets of data about composition
and phase information were obtained rapidly, and analyzed by machine learning to establish a
high-confidence phase prediction model. Compared with the traditional methods, the proposed
approach has remarkable advantage in acquiring and analyzing the experimental data, which can
also be applied to other multicomponent alloys.
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IMPACT STATEMENT
By integrating the high throughput experiments and machine learning algorithms, it is hopeful to
facilitate the design of new Ni-base superalloys, and even other multicomponent alloys.

1. Introduction composition design of superalloys over the past decades

The multicomponent alloys including Ti-base [1], Ni-
base [2,3], Fe-base [4], Al-base [5], and high entropy
alloys [6], are composed of five or more metallic ele-
ments, which makes it increasingly complex to study the
relationships among composition, phases, process, and
properties. For example, the Ni-base superalloys, used
for turbine blades and disks, generally contain over eight
alloying elements, the phase precipitation and mechani-
cal properties are found very sensitive to the composition
variation [3,7]. Therefore, there were great efforts on the

[8,9]. The phases of the Ni-base superalloys generally
include y matrix, ¥’ phase, topologically close-packed
(TCP) phases, and geometrically close-packed (GCP)
phases [10,11]. Wherein the TCP and GCP phases are
always thought detrimental to the alloys, as their pre-
cipitation would deplete the strengthening elements, and
facilitate the crack initiation [10,12]. Thereby, the TCP
and GCP phases should be avoided during the alloy
design, and reliable prediction of these phases becomes
indispensable.
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At the very initial stage, the valence electron concen-
tration was used to predict the formation of the TCP
phases in simple binary and ternary systems [13,14].
Thereafter, phase computation, known as PHACOMP
[15] and newPHACOMP [16], had been proposed suc-
cessively. But those methods were unable to accurately
predict the precipitation behavior of new generation Ni-
base superalloys. So far, the calculation of phase diagram
(CALPHAD) is thought a powerful method to bridge the
composition and equilibrium phases. As CALPHAD is
generally based on the database derived from simple sys-
tems within certain composition ranges, the accuracy of
TCP and GCP phases prediction in complex systems or
outside domains needs further verification.

With the continuous progress in materials design,
more statistical methods, especially the machine learning
(ML), have been adopted [17,18], providing new hints for
exploring multicomponent superalloys. However, as ade-
quate data ranging from tens to over hundreds are needed
to train the ML algorithm, enough experimental results
are were necessary, which is always time-consuming for
traditional methods. Hence a high-throughput exper-
iment combining with superalloys diffusion-multiples
and automatic composition-phase identification is intro-
duced here. In specific, the diffusion-multiples yield
tremendous alloys with composition gradients in large
ranges. Aided with advanced microdomain detection
technologies, the site dependent composition and phases
could be automatically detected. Thus, a reliable exper-
imental database has been established for ML to train
phase precipitation models and composition design of
superalloys, which can also be broadly applied to other
multicomponent alloys.

2. Materials and methods
2.1. Materials and sample preparation

Several superalloys were utilized to assemble a diffu-
sion multiple contain complex compositions, as shown in
Table 1. Alloy compositions of W2 to W7 were adjusted
based on W1 by substituting Co, W, Mo, Ti, Ta, Nb for
Ni respectively. Those alloys were prepared by vacuum
induction melting method firstly and homogenized by

MATER. RES. LETT. (&) 33

heat treatment. Then alloy W1-W7 were arranged and
assembled as shown in Figure 1. After hot isostatic press-
ing at 1180°C/150 MPa for 8 h and two-stage aging pro-
cess of 1180°C / 1000 h plus 800°C / 2000h, the alloys
with different components were closely bonded and fully
diffused to form compositional and microstructural gra-
dient.

2.2. Composition identification and microstructure
characterization

Micro-XRF (X-ray fluorescence) equipment BRUKER
M4 TORNADO was used to automatically and contin-
uously identify the elemental composition at different
regions. SEM (scanning electron microscope) was per-
formed by ZEISS SUPRA 55 equipped on an automated
photographic platform.

The bulk samples contained 11 diffusion multiples
totally, and each diffusion multiple was in a size of
2000 x 2000um and divided into 761 sections. Above
mentioned division method was shown in Figure 1. Con-
sidering the composition changes of the central sections
were more significant than these of edge regions, denser
data points were collected therein. In specific, we firstly
established a rectangular coordinate system based on the
actual dimensions of each diffusion multiple, setting the
ranges of x and y axises as 0-2000; secondly, set coordi-
nate points in step of 50 nm within 500 <x <1500 and
500 <y <1500, and the square area of 50 x 50nm was the
feature region of corresponding center coordinate point.
In other areas outside the core domains, the step was set
as 100 nm, hence the square area of 100 x 100nm was the
feature region of the center point. By marking the exis-
tence of TCP and GCP in each area, whole 8371 pieces of
data containing alloy composition and these phases were
obtained.

2.3. Machinal learning

According to the NFL(No Free Lunch) theorem [19],
different machine learning algorithms own respective
advantages and disadvantages, the following commonly

Table 1. Measured composition of multicomponent alloys in wt.%.

Co w Mo Cr Al Ti Ta Nb Hf Ni
W1 13.0 3.0 29 12.2 3.03 3.96 3.1 - 0.21 Bal.
W2 27.8 3.0 29 12.0 3.05 4.06 3.0 - 0.21 Bal.
w3 13.0 6.1 29 1.8 3.05 3.92 3.0 - 0.22 Bal.
w4 13.1 3.0 6.0 121 3.05 4.08 3.1 - 0.19 Bal.
W5 13.0 29 3.0 12.0 3.07 6.01 3.0 - 0.19 Bal.
W6 13.0 3.0 29 12.0 3.10 4.04 8.1 - 0.20 Bal.
w7 13.0 3.0 3.0 1.9 2.98 4.12 3.0 4.0 0.22 Bal.
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Figure 1. Schematic workflow of the proposed method.

used six different machine learning classification algo-
rithms have been used here: logistic regression (LR),
k-nearest neighbor (KNN), gradient boosting regression
tree (GBRT), random forest (RF), decision tree (DT),
and support vector machine (SVM). The predictability
of these algorithms model was judged by comparing area
under curve (AUC), as adopted by other authors [20,21].
Before modeling, the features were filtered by Pearson
correlation and recursive feature elimination. In order
to avoid overfitting of the model and evaluate the fea-
sibility of the models, 761 pieces of data detected from
NiX-W-Nb diffusion multiple were picked as a test set,
and the remaining 7610 pieces of data were used for train-
ing, which were randomly divided into 10 parts, 9 of
which were used as the trading set and 1 was used as the
validation set. To acquire acceptable accuracy and stabil-
ity, we applied 10-fold cross validation and a grid-search
technique for the hyperparameters selection.

3. Results and discussion
3.1. Phase identification.

The microstructures of seven original alloys, W1-W?7, are
shown in Figure 2(A-L). The y, y’, o, u and n phases
are the major phases in the diffusion multiple. In specific,
the y matrix is mainly strengthened by solid solution ele-
ments. The y’ phase is the L1, ordered phase based on
Ni3Al and is the main strengthening phase in Ni-based
superalloys. The o and p phases are TCP phases, and the
1 phase is a typical GCP phase. In terms of morphological
features,  and o phases are mainly in punctate, acicular,
irregular, and discontinuous shapes, and the » phase is
generally in shapes of large flake and lathy needle. Basi-
cally, y, y" and GCP in the alloy could be distinguished
from the typical morphologies. As both p and o phases
are harmful and in similar geometric features, these two
phases are unified into TCP phases.



MATER.RES.LETT. (&) 35

“GURIEgos.

GCP+TCP
" region”

2000um

Figure 2. (A-G) SEM images of W1-W?7 alloys; (H, 1) the magnified images of o, u and n phases, respectively; (J, K, L) the electron
backscattered diffraction Kikuchi patterns of u, o, and n, respectively; (M) labeled and (N) montaged SEM images of NiX-6W-4Nb diffusion

triple.

In the light of the distributions of TCP and GCP
phases, the microstructural images of 761 sections were
classified and matched. As shown in Figure 2(M,N), the
GCP and TCP phases simultaneously precipitate at the
areas marked by red frames; yellow and blue frames cor-
respond to GCP and TCP phase precipitated regions,
respectively.

Moreover, the white frame illustrates that there is no
harmful phase. Thereby, the distribution of precipitates
in the diffusion multiple could be identified directly after
the labeled images were integrated into the whole NiX-
6W-4Nb diffusion triple. To obtain adequate data source,
this labeling method was also applied for the other 10
diffusion triples.
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Figure 3. Pearson correlation map for features of (A) alloy composition, and (B) 12 physical parameters.
Table 2. Physic parameters.
Symbol & Formula Meaning & Parameter Ref.
n
1 ASconf = —R Z clng Structural entropy. R, gas constant, 8.314 J/(mol-K); ¢;, mole [22]
i=1 fraction of the jth element.
ri\2
2 § =100 x — :’) Atomic size difference in multi-component alloys [23,24]
r n
r (: Z c;ri>, average atomic radius; r;, atomic radius of
i=1
the ith element.
n
3 AHpix = Z Qijicic; Mixing enthalpy of a solid solution €;i(= 4AH““X) regular [25]
i=1,i%j melt-interaction parameter between jth andjth elements;
H/Tsle mixing enthalpy of binary liquid alloy.
n
4 Ax = Z G(xi— x)° Electronegativity difference between two alloy components [26]
i=1 N
X (: Zc,—x,-), average electronegativity; y;, Pauling
i=1
electronegativity for ith component.
n
5 VEC = ZC;‘(VEC;‘) Valence electron concentration VEC;, valence electron [27]
i=1 concentration of ith.
n
6 Tn=Y_ (T Melting point of n-elements alloy, rule of mixtures (Tp);, [28]
=1 melting point of ith.
TmAS,
7 = m=2conf Geometrical parameter—predicting the solid-solution [28]
| AHmig| formation
AS,
8 A= 8‘2""f Purely geometrical parameter [29]
-2 _ 2 =2
rs+10°—711/(rs +7 ) )
9 y =ws/op=|1- (s +1) s+ The ratio between the solid angles of the smallest and largest [30]
1— \/[(rL +92 =R/ +7)? . N
atomsr [ = Z ¢iri |, average atomic radius; r; and rs are
i=1
the radius of the largest and smallest atoms;
10 Se = Se(ri, ¢i, &) The excessive entropy of mixing &, the atomic packing fraction [31]
of the n-element alloy range from 0.68 (BCC);
Sc —SH Sc - AHmix/Tm . . . .
1 ¢ = = A single dimensionless thermodynamic parameter Sc, the [31]
ISel ISel configurational entropy of mixing for an ideal gas.
> aglvi =
12 AV V=" The parameters of a novel two-dimensional structure map [10]

Vi+Vp)/2

4
Vi = 57”"3’ atomic percentage of the ith component;




3.2. Feature set determination

Selecting typical and moderate features is the key for ML,
since superabundant features would increase the dimen-
sion of the feature space, raise the risk of overfitting, and
even destruct the interpretability on results. Therefore,
strong related features with absolute value of Pearson
correlation coeflicient over 0.75 were removed. Firstly,
the elemental factors were considered. Because Ni-base
superalloys are alloyed with many elements, the inter-
actions among different elements are complicated. As
shown in Figure 3(A), even if the strongly related Ni is
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removed, the model is still high-dimensional and does
not have acceptable generalization ability.

Thereafter, in order to further reduce the dimen-
sions and improve the model interpretability, 12 physics
parameters integrating element information were cho-
sen as candidate features, as illustrated in Table 2. Based
on Figure 3(B), after removing the significantly related
parameters, four physical parameters (ASnf, 8, VEC,
and T,,) with less correlation can be retained as the
features.

Furthermore, recursive feature elimination (RFE) was
adopted to reduce feature dimensions. Specifically, RFE

A Feature Importances of TCP B AUC of TCP
0.92
0.92 o1
0.89
(cl=123 0 14.68% 36.12% 8.30% 40.90% 080 o s 0.88 e
0.88 086 0.86 0.87 o
0.86 0.85
0.86
(X 26.45% 30.27% 9.16% 34.11% 084 084
0.84 S
0.82 0.80
Il 11.70% 40.11% 3.16% 45.02% 0.80 0.80 I
0.78 L
0% 20% 40% 60% 80% 100% DT RF  GBRT LR KNN  svC
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X212 33% 50.61% 7.07%  29.99% 0.94 RER 20,93 —Mo.o3
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Figure 4. Recursive feature elimination results showing (A) the feature importance and (B) AUC value of TCP phases; (C) the feature

importance and (D) AUC value of GCP illustrating predicted by models

with different feature sets; the SHAP values of (E) TCP and (F) GCP.
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was performed to obtain the importance of each fea-
ture through the attribution returned by the algorithm,
and remove the weakly weighted features for next round
training. According to the feature importance deter-
mined by three models of gradient boosting regression
tree (GBRT), random forest (RF), and decision tree (DT),
as illustrated in Figure 4(A,C), the VEC and AS,¢ have
relatively lower feature importance. Moreover, the area
under curve (AUC) values of all models are illustrated in
Figure 4(B,D). The overall prediction accuracy of these
models stayed at high level when AS,f, §, and Ty, are
used as feature set X. While the model accuracy dropped
sharply when both VEC and AS,,,f are removed from the

feature set. Thereafter, the feature X including AS,y, 6,
and Ty, was chosen.

To improve the interpretability of the model, the
impact of each eigenvalue on the prediction results was
evaluated by SHAP (SHapley Additive exPlanations) [32],
as shown in Figure 4(E,F). The dots in the figure rep-
resent all data points in the data set. The dots in more
reddish color own greater characteristic value, and the
bluer the converse. Positive values represent the pro-
motion of harmful phases, and negative values mean
the suppression of harmful phases. It was detected that
the lower ASguf, 8, and T, were beneficial to sup-
press the formation of harmful phases. The strengthening
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Figure 5. The predicted results showing (A) the distribution and (B) ZPF line of TCP phases by ML and (C) Thermo-Calc; (D) the distribu-
tion and (E) ZPF line of GGP phases by ML and (F) Thermo-Calc; and the phase diagram by (G) experimental, (H) ML and (I) Thermo-Calc

in NiX-6W-4Nb diffusion triple.



effects of nickel-based superalloys are mainly solid solu-
tion strengthening, precipitation strengthening and grain
boundary strengthening. The order of atomic size is:
Ni < Co<Cr<Mo<W < Al<Ti<Nb<Ta, and the
element with smaller atomic size difference from the Ni
matrix is easier to solute into Ni. For Ni-base superalloys,
Co, Cr, Mo and W are the major solid solution strength-
ening elements. Hence, when the § is smaller, as the
component atomic-size difference is relatively small, the
component atoms easily substitute for each other to form
solid solution. Meanwhile, the mixing enthalpy values
is not negative enough for matrix to form a compound
[23]. With low solid solubility in matrix, Al, Ti, Nb and
Ta could form intermetallic compounds with Ni, such
as y'-Niz(Al, Ti), n- Niz(Al, Ti)gsNbg s and so on. The
y' phase with low ASconf is a long-range ordered face-
centered cubic structure, which is the main precipitation
strengthening phase. The 7 phase with high ASgy is
a close-packed hexagonal structure. Thereby, the overall
ASonf is smaller, less prone to form harmful phases. Basi-
cally, the addition of refractory elements including Cr, W,
Ta, Mo and Nb can effectively improve the performance
of the alloy, but excessive addition, which would cause the
higher Ty, leads to the precipitation of harmful phases.

3.3. Validity of ML model

The algorithm with best general predictability on TCP
and GCP phase precipitation was k-nearest neighbor
(KNN), which was also selected for the following test.
The predicted results of the test set (i.e. NiX-6W-4Nb
diffusion triple) were compared with the experimental
data to evaluate the feasibility of this ML method. In
Figure 5, the green and red points represent the specific
area where the harmful phase is accurately and inaccu-
rately predicted respectively. The blue point means that
the harmful phase does not precipitate experimentally
but is predicted to be appeared, and the gray point man-
ifests that KNN has exactly estimated that the harmful
phase does not precipitate there. Additionally, the red line
shows the Zero-Phase Fraction (ZPF) line, and the dotted
line was the prediction ZPF line.

In general, using the physical parameters AS.f, &
and Tp,, the KNN model has accurately predicted the
precipitation of harmful phases, as the AUC values of
TCP and GCP reached 0.88 and 0.92, respectively. Com-
pared with the phase diagram of 800°C calculated by
Thermo-calc with thermodynamic database TTNIS, it
could be found that the traditional CALPHAD calcula-
tion seriously underestimates the precipitation trend of
GCP phase and overestimates the precipitation of TCP
phase. Thereby, integrating the high throughput experi-
ment and machine learning had better predictability.
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Considering the training data has completely excluded
NiX-6W-4Nb diffusion triple data, this prediction model
had a strong generalization ability, and can be well
applied to untrained elementary composition range. This
method, can also be extended to predict the phase pre-
cipitation in other multicomponent alloys, such as iron
steels, Ti alloy, and Al alloys.

4. Conclusions

In conclusion, we established a ML model to predict
the relationship between composition and detrimen-
tal phases in multicomponent nickel-based superalloys,
based on the database obtained from high throughput
experiments.

This method used advanced detection equipment to
automatically collect the composition and microstruc-
ture information of the alloy, and introduced the physic
parameters as the feature set to reduces the dimension
reasonably. Within six different machine learning algo-
rithms, a trusted model with AUC values of 0.88 and
0.92 for TCP and GCP was finally screened. As a great
challenge in alloy design lies in avoiding the precipita-
tion of detrimental phases, this model with sound pre-
dictability offers a promising opportunity to find novel
Ni-based superalloys within undiscovered composition
ranges. Moreover, the method applied in this work can
also be extensively used for other multicomponent alloys.
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