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A B S T R A C T

We present an automated high-throughput method capable of gathering 2400 data points relating processing 
conditions, microstructure geometry and yield strength in just 13 days. An estimated 200 times faster than 
conventional methods using tensile testing specimens, a complete Process-Structure-Property (P-S-P) dataset is 
created from a single sample. The method is demonstrated by example of the aging heat treatment process of a 
γ/γ′ superalloy. By aging the sample in a temperature gradient, a wide range of aging process temperatures is 
mapped over the sample length. Structure analysis consists of fully automated, nanometer-resolution FE-SEM 
scanning, with precipitate fraction, size and shape distributions determined by automatic image analysis using 
the Python programming language. Mechanical properties are evaluated by nanoindentation inverse analysis, an 
approach combining instrumented indentation data with pile-up analysis to calculate stress/strain curves. While 
the necessary topographic data is typically acquired using atomic force microscopy, a significant speedup was 
achieved by automatic indent detection and scanning using Angular selective Backscatter FE-SEM analysis. As a 
method to rapidly assemble comprehensive and consistent P-S-P datasets, we expect it to facilitate efficient alloy 
design, given a vast majority of modeling approaches still heavily rely on empirical data.

1. Introduction

Process-Structure-Property (P-S-P) experimental datasets are a key 
component for accelerating the development and industrial imple
mentation of structural materials [1–4]. Stimulated by overarching 
materials research initiatives such as the Materials Genome Initiative 
[5–7] and the European Materials Modelling Council [8,9], several en
terprises focusing on the multi-scale modeling of structural materials 
have emerged in the last two decades [10,11]. This includes research 
centers (for example the Center for PRedictive Integrated Structural 
Materials (PRISMS) [12], the Center for Hierarchical Materials Design 
(CHiMaD) [13] and the Interdisciplinary Centre for Advanced Materials 
Simulation (ICAMS) [14]), inter-institutional efforts like the SIP- 
Materials Integration Projects in Japan [10–15] and venture com
panies such as QuesTek offering related Software-as-a-Service products 
[16]. All of them share the vision of accelerating the discovery and 
development of novel materials.

Structural materials typically feature complex, hierarchical micro
structure tailored to meet material specifications for their respective 

applications [17], requiring both careful alloy design and process opti
mization. A major challenge in the multi-scale modeling of these ma
terials is the intercorrelation of properties gathered at different length 
scales and by different instruments [18]. For the industrial imple
mentation of newly designed alloys, understanding of the Process- 
Structure-Property interrelations is fundamental. In particular, devel
opment and optimization of multi-component alloys such as superalloys 
[19–22] and high entropy alloys [23–27] for high-temperature compo
nent applications require a large number of P-S-P datasets. Historically, 
Ni-base superalloys were designed and gradually improved for new 
applications using mostly empirical relationships and a limited number 
of P-S-P datasets through a trial-and-error strategy. Their large number 
of alloying elements (Ni, Co, Cr, W, Mo, Al, Ti, Ta, Hf, Nb, Re, Ru, C, B, 
Zr, etc.) [20,21] and complex hierarchical microstructure features 
[4,7,28–30] controlled by several steps of heat-treatment schedules at a 
wide range of temperatures and times [31–36] make predictive 
modeling a formidable task.

While consistently solving inverse problems of computationally 
designing new superalloys to a meet a given set of material properties 
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without any trial and error is still unfeasible [10], calculations can serve 
as a starting point [37] for identifying promising candidates or help 
incrementally improve on existing designs. So far, programs aiming to 
aid alloy design relying heavily on experimentally gathered P-S-P 
datasets [22,38,39,40] demonstrated to be helpful for alloy develop
ment and practical implementation. Phase diagram calculations [41] 
(CALPHAD) using thermodynamic and kinetic databases [42,43] can 
help predict equilibrium phase compositions and diffusion kinetics 
(which are critical for both heat treatment and mechanical properties at 
high temperature), and are thus widely used for process and micro
structure optimization. While the necessary formulations for the Gibbs 
free energy of the phases involved can be theoretically derived from 
density functional theory (DFT) calculations, accurate databases for 
CALPHAD still heavily rely on experimental data [44–48] in the form of 
Process-Structure relationships. DFT calculations have also given insight 
into fault energy estimation, such as antiphase boundary and stacking 
fault energies [49,50], and the emergence of machine-learning methods 
has also resulted in some initial applications to superalloy design 
[36,51,52]. However, without experimental datasets, it remains difficult 
to predict even the yield strength of advanced alloys incorporating 
complicated microstructures. Thus, there still is an urgent need for 
experimental investigation. Databases are still lacking over a wide range 
of unexplored compositions, leading to high variability depending on 
choice of database. Although recent text data mining techniques are 
expected to be helpful for collecting large numbers of existing experi
mental datasets from open/published papers and reports [53–58], data 
inconsistencies caused by differing methods, equipment, institutions 
and researchers could pose a problem when trying to assemble P-S-P 
datasets in this way. Therefore, to this date, beyond simpler model al
loys, simulation programs produce unreliable results for more complex 
systems such as typical, commercial alloys in practical use.

This has led to the emergence of high-throughput analysis methods, 
which typically attempt to accelerate the otherwise laborious process of 
gathering single data points by micro- or nanoscale analysis of gradient 
samples. Examples pertaining to superalloys include the determination 
of phase stability across a wide range of compositions (typically of un
desirable phases such as TCP) (P-S interrelation) [59–62], determination 
of multi-element interdiffusion coefficients for creep property prediction 
(P-S-P interrelation) [63], automatic image analysis of γ′ precipitate 
fraction, size and morphology to predict precipitate coarsening 
depending on single-element additions to a multi-component alloy by 
using neural networks (P-S interrelation) [64], investigation of the 
oxidation resistance, elastic modulus/hardness and microstructure of a 
composition-graded Ni-superalloy (P-S-P interrelation) [62], 
temperature-graded solution treatment for phase stability, microstruc
ture and Vickers hardness analysis (P-S-P interrelation) [65], nano
indentation hardness, EPMA compositional and SEM microstructural 
screening of a high-entropy superalloy diffusion couple (P-S-P interre
lation) [66] and determination of orientation- and composition- 
dependent stress–strain-curves calculated from nanoindentation results 
using a diffusion couple (P-S-P interrelation) [67]. While especially 
widespread access to automatic image analysis libraries as well as seg
mentation techniques using artificial intelligence [68] have helped 
reduce the burden of data analysis, data acquisition is to a large part still 
performed manually, e.g. framing and focusing SEM or EPMA scans.

We propose an automated high-throughput evaluation system for 
rapid acquisition of a P-S-P dataset, interrelating the processing pa
rameters, microstructure features and resulting properties. To demon
strate feasibility of the method, we will use a γ/γ′ superalloy with an 
aging process (P), automatically evaluate γ′ phase fraction, size and 
shape from the as-aged structure (S) and gather hardness and stress/ 
strain mechanical properties (P) by combining nanoindentation and 
scanning electron microscopy (SEM). A single-crystal Ni-Co base su
peralloy sample undergoing an aging treatment in a gradient tempera
ture furnace is fully automatically sampled at 2400 positions, allowing 
measurements over all relevant temperatures. Core part of the method is 

acquisition of all data at equal positions, allowing direct P-S-P 
correlation.

2. Materials and methods

2.1. Workflow for high-throughput automated evaluation

Fig. 1 shows the analysis workflow for the high-throughput method 
used in this paper. A temperature gradient furnace imparts aging heat 
treatment over a continuous range of aging temperatures on a sample. 
The sample then undergoes nanoindentation testing and SEM analysis, 
using sampling coordinates spanning the whole length of the sample. 
This combination of a gradient heat treatment process with fast micro/ 
nanoscale analysis methods and fully automatic data processing allows 
building a whole P-S-P dataset correlating the Process (aging tempera
ture and time), Structure (volume fraction, size distribution and shape of 
γ′ precipitates) and Properties (hardness and stress–strain curves) from a 
single sample in a matter of days. Details of the method will be outlined 
below.

2.2. Materials and gradient furnace heat-treatment

A single-crystal sample of Ni-Co base superalloy TMP-5002 for tur
bine disk applications designed at NIMS and Honda R&D was used in the 
present work [69]. While intended for use as a polycrystalline turbine 
disk alloy using multi-step heat treatments, a single-crystal sample with 
just one aging treatment is used for demonstration of the method. 
Nominal and actual compositions are shown in Table 1. Grain boundary 
strengthening elements (C, B, Zr) were excluded from the original 
composition. Single-crystal round bars of diameter 13 mm × length 130 
mm were cast, then screened for stray crystals by complete surface 
polishing up to grit size 1000 following macro etching. Further, crystal 
orientation was evaluated using Laue X-ray backscattering diffraction. 
Next, the samples were quartz encapsulated under Argon gas and ho
mogenized at 1200 ◦C for 100 h, followed by water quenching in a few 
tens of liters of unagitated room temperature water. Finally, the diam
eter 5.8 mm × length 80 mm specimen for gradient aging treatment was 
cut from one of the round bars using electric discharge machining 
(EDM).

The experimental setup for the thermally graded aging heat treat
ment is depicted in Fig. 2a. The same apparatus was also used in a recent 
work on optimizing the heat treatment temperature of thermoelectric 
materials by Yurishima et al. [70]. The single-crystal sample is placed 
inside an alumina tube, which is then lowered into the vertical carbon 
furnace tube. A one-end-closed quartz glass tube maintained atmo
spheric control, with constant Ar gas flow kept during the experiment. 
With an infrared heating heater placed at the top end and a water 
cooling jacket at the lower end of the heated zone, a temperature 
gradient is imposed upon the sample. The temperature across the sample 
is determined by a prior calibration from measuring the unloaded 
furnace with a trailing type R thermocouple inserted from the bottom of 
the furnace, the results of which are shown in Fig. 2b. Interpolation 
between the measured points is performed using cubic splines, allowing 
calculation of the temperature at any position of the sample. The range 
of the temperature gradient on the sample can be controlled both by the 
(constant) setpoint temperature of the furnace and the vertical location 
of the sample in the carbon pipe by using carbon spacers inserted below 
the sample assembly.

For the present work, the sample was placed inside the cold furnace 
at 59–139 mm from the top cap, the resulting temperature gradient 
ranges from 1208–647 ◦C (cf. the hatched region in Fig. 2b). The 
achievable heating rate was limited by the carbon tube inside the 
furnace, requiring a linear 30 min heating ramp to ensure that the 
sample is heated at the target rate. After heating, the furnace setpoint 
temperature was held constant for three hours, resulting in a steady- 
state temperature gradient profile across the sample. Finally, the 
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sample was quenched by dropping into an unagitated water bath placed 
beneath the furnace, containing a few tens of liters of room temperature 
water. After the aging heat treatment, the sample was split longitudi
nally across the (100) plane using EDM, where <001> is defined to be 
the crystal direction closest to the height (axial direction) of the round 
bar sample. To facilitate polishing, the resulting halves were sectioned to 
43 mm length as to cover the whole gradient (length 80 mm) with an 
overlap region of 6 mm length. The resulting specimens were then wax- 
mounted, ground, polished and finally vibratory polished in 30 nm 
colloidal silica suspension.

2.3. Nanoindentation and microstructure observation

Following preparation, the sample underwent room temperature 
nanoindentation testing, using a Bruker Hysitron TI 950 TriboIndenter. 
Testing was load-controlled with a maximum force of 10 mN, 10 s 
holding time and loading/unloading rate of 2 mN/s. For each of the two 

sample halves, a grid of 120 × 10 indents over an area of 42000 µm ×
300 µm (spacing 353 µm and 33 µm) was performed using automated 
testing. 20 of the indent columns at equal temperature were performed 
in the overlap region between the samples, resulting in a total of 2400 
indents at 220 different aging temperatures.

Next, microstructure and indent topography were automatically 
analyzed at all 2400 positions using FE-SEM (Zeiss GeminiSEM 300) 
with the automation program developed for this high-throughput 
method. As preparation for the automatic scanning routine, sample 
insertion, beam adjustment, and location of the indent pattern were 
performed manually. Next, the automation program performed fine 
rotation correction by querying the operator to center on some of the 
indents, reading the resulting coordinates in order to set the scan rota
tion to correctly align the indent pattern. To account for changing 
working distance due to minute differences in the sample surface height, 
a focus plane was generated using a Clough-Tocher interpolation 
scheme, with the program automatically moving to a few of the indent 

Fig. 1. High-throughput analysis workflow and data acquired. Aging temperature, force/depth curves, indent topography as well as γ′ area fraction, particle shape 
and size distributions are gathered for a temperature gradient-aged sample by automatic image analysis and nanoindentation inverse analysis using automated 
nanoindentation and SEM measurements. The automation program developed for this method manages measurement, processing and storage of data, generating the 
P-S-P database correlating the Process (aging), Structure (γ′ size/shape/fraction) and Properties (hardness, stress/strain curves).

Table 1 
Composition by mass for Ni-Co superalloy TMP-5002 used in the present study. Actual composition was determined by ICP-AES.

Cr Co Mo W Ti Al Ta Hf Nb Ni

Nominal 11.7 27.0 3.4 1.9 4.4 3.2 2.2 0.35 0.5 Bal.
Actual 11.4 26.6 3.38 1.90 4.35 3.07 2.18 0.33 0.48 Bal.
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locations and querying the operator to adjust focus and stigma correc
tion. After this initial setup phase, all indent locations were known up to 
an error of about 2–3 µm (mostly limited by the accuracy of the SEM 
stage motor and indenter offset), together with the necessary focusing 
parameters. Automatic scanning then proceeded in three steps for each 
indent location, as outlined in the upper right SEM section in Fig. 1: 
Indent identification at low magnification to correct for positioning er
rors, high magnification scanning with the indent centered in frame 
using beam shift, and microstructure imaging within a few µm distance 
of the indent. Each of these three steps will be described in detail below.

First, the exact indent location was determined by a wide-field scan, 
with the scan window height set to ten times the indent side length 
expected from the indent depth, known from the indentation testing 
results. Imaging was performed using the Angular selective Backscatter 
(AsB) detector at 10 kV acceleration voltage, with the four annular de
tector quadrants scanned simultaneously using the four detector chan
nels available (typically termed “Quad mode”). Given the four images at 
differing detector angles, topographic information was calculated by 
integration using the automation program. The resulting topographic 
map was then sampled for local height minima, with an absolute 
threshold set at the median height minus a wavelet-based estimate of the 
signal noise. Out of these minima, which sometimes included contami
nants or porosity, indents were identified by flood-filling from the 
minimum up to two thirds the distance to the median height and fitting a 
triangle to the convex hull of the resulting mask. Comparison by shape of 
the fitted triangle with the flood-fill convex hull as well as differences of 
the internal angles allowed elimination of any false-positives. In cases 
where more than one indent remained inside the scanned region, the one 
closest to the expected coordinates was chosen for analysis.

Second, the indent was centered exactly in the scan region using 
beam shift and the magnification adjusted so that the expected indent 
side length is equal to half the scan area height, ensuring that all indents 
were fully in frame and of equal apparent size for all locations. Using the 
same imaging parameters as in the low magnification step above, 
topographic information was gathered for the purpose of pile-up 
determination, which was necessary for the calculation of stress–strain 
curves from the indentation results via inverse analysis.

In the third and final step of the automatic SEM scanning routine, 
microstructure images several micrometers close to the indent locations 
were collected. With the indents out of view, γ′ area fraction and pre
cipitate sizes at corresponding locations could be acquired for relation to 
the aging temperature as well as the mechanical property data gathered 
in the previous steps. The phase contrast between γ and γ′ using the AsB 

detector was too low for evaluation, requiring imaging using the In-Lens 
SE detector at a significantly lower acceleration voltage of 1 kV to 
capture even the fine cooling γ′ formed during water quenching. Since a 
change in acceleration voltage entails a wait time of a few seconds for 
the voltage to stabilize and a need for re-adjustment of focus and 
alignment, microstructure imaging was performed after all indents were 
scanned.

During the automatic scanning routines, automatic focusing fine 
adjustment was performed every ten minutes to account for focus drift, 
such as caused by thermal expansion of the sample during beam illu
mination. Furthermore, automatic contrast adjustment was performed 
during microstructure imaging. All images were acquired using a reso
lution of 1024 × 768 pixels, including the individual AsB channel 
images.

2.4. Automated dataset generation system

2.4.1. Process dataset
A sample coordinate space was built from the sample edge points as 

measured during SEM imaging. In combination with the coordinates 
gathered at all 2400 sampled locations, the exact position of each point 
in the gradient furnace during the aging process could be determined. 
Using the cubic spline interpolation built from the furnace temperatures 
measured before the aging experiment (see Fig. 2), the corresponding 
aging temperatures were determined and assembled into the Process 
dataset. The aging time was a constant 3 h at all positions.

2.4.2. Structure dataset
The Structure (volume fraction, shape and size distribution of γ′ 

precipitates) dataset was built from the SEM microstructure images, 
which were automatically evaluated using the automation program 
developed in the Python programming language, with the majority of 
image processing performed using the OpenCV [71] and scikit-image 
[72] libraries. The processing chain consists of denoising, sharpening, 
histogram equalization, top-hat transformation, thresholding and finally 
distance transform-based watershed segmentation to identify the indi
vidual γ′ precipitates. Precipitates with an area of less than 64 pixels 
were eliminated to prevent noise as well as any cooling γ′ from affecting 
the results gathered for the aging γ′, while average-sized aging γ′ had an 
approximate area of 700 pixels at all temperatures due to magnification 
scaling. For the contour of each identified precipitate, a superelliptical 
fit was performed, given by Equation 1 [73]. Able to describe shapes 
between an ellipse (for n = 2) and a rectangle (for n→∞), the fit allows 

Fig. 2. Gradient furnace for aging heat treatment of high-throughput samples. a) Schematic of the essential parts of the gradient furnace, loaded with the sample b) 
Temperature profile inside the carbon pipe as measured inside the unloaded carbon tube by a trailing type R thermocouple before the experiment, with the hatched 
area depicting the sample position during the experiment.
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automatic evaluation of shape via the parameter n as follows: 

r(θ) =
(⃒
⃒
⃒
⃒
cosθ

a

⃒
⃒
⃒
⃒

n

+

⃒
⃒
⃒
⃒
sinθ

b

⃒
⃒
⃒
⃒

n )−
1
n (1) 

where θ is the polar angle; r(θ) is the radius; a is the semi-major axis; b is 
the semi-minor axis and n a positive real shape parameter. Thus, γ′ area 
fraction, as well as the distributions for equivalent precipitate diameter 
and precipitate shape were gathered automatically.

Microstructure data gathered from cross sections is necessarily two- 
dimensional in nature. For the spherical γ′ precipitates in the present 
work, area fractions of random sections and volume fractions are 
equivalent, while apparent diameters gathered from SEM images are 
different from the actual diameter of the three-dimensional precipitates.

One commonly used method to correct for this and calculate actual 
precipitate diameter distributions from the apparent size distributions is 
the Saltykov method [74–76]. However, this method is susceptible to 
systematic sampling errors such as oversight of small precipitates due to 
limitations in instrument or scanning resolution as well as sample 
preparation artifacts [77,78]. These errors will affect the whole range of 
precipitate sizes considered and can further cause unphysical artifacts 
such as negative bin frequencies.

Instead, we fitted the theoretically expected apparent precipitate size 
distribution to experimental data, from which we could then gather the 
actual, three-dimensional mean precipitate diameter. We used the 
Lifshitz-Slyozov encounter modifed (LSEM) theory to model both the 
precipitate size distribution and the coarsening rate during the aging 
process, which extends upon the LSW theory to account for precipitate 
coalescence at non-zero volume fractions [79–82]. The apparent cu
mulative size distribution for random plane sections F(dA) was calcu
lated as described by Takahashi and Suito [78] (Eq. (2)), where dA is the 
apparent diameter, dV the actual precipitate diameter, f(dV) the actual 
precipitate diameter probability density function (PDF), and μdV 

the 
mean precipitate diameter. The apparent size PDF was then calculated 
by numerical derivation and fit to experimental distributions, which 
were gathered from the observed precipitate apparent diameters by 
gaussian kernel density estimation. 

F(dA) = 1 −

∫∞
dA

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

d2
V − d2

A

√

f(dV)d(dV)

μdV

(2) 

2.4.3. Properties dataset
The Properties dataset containing hardness and stress–strain curves 

was generated by nanoindentation inverse analysis correlating the 
multiaxial deformation during nanoindentation with the uniaxial tensile 
deformation of a polycrystalline sample with randomly oriented cubic 
crystal grains, as previously proposed by Goto et al. [67,83,84]. In the 
present work, by using four-channel AsB SEM scanning instead of AFM 
(atomic force microscopy) to gather the necessary topographic infor
mation as in the original method by Goto et al., a significant speed-up 
could be achieved.

First, the topographic information gathered by SEM is tilt-corrected 
and normalized by using the final indent depth as determined during 
indentation testing. The normalized pile-up height Hp is calculated ac
cording to Equation 3, where hmax is the maximum indent depth and hp(k) 
is the maximum pileup height on the three lines k going from the indent 
corners through the indent center. Assuming linear strain hardening, 
σy = A(

1− B
E

) with slope B and intercept A and assuming proportionality of 

nanoindentation hardness H to a representative stress σr =
H
ke
= A+Bεr at 

strain εr, stress–strain curves can be calculated from the nanoindentation 
results using the relation shown in Equation 4. The parameters used are 
shown in Table 2. All calculations were performed using the reduced 
Young’s modulus Er, which is related to the sample’s Young’s modulus E 

by 1
Er

= 1− νi
2

Ei
+ 1− ν2

E , where Ei and νi are the Young’s modulus and Pois
son’s ratio of the indenter, and E and ν the Young’s modulus and Pois
son’s ratio of the sample. 

Hp =

∑3

k=1
hp(k)

3 hmax

(3) 

Hp = kp1exp
(

−
kp2σy + kp3B

E

)

(4) 

3. Results

3.1. SEM microstructure analysis

The initial microstructure as water-quenched after homogenization 
was observed as an unimodal distribution of γ′ particles with a mean 
diameter of approximately 58 nm. Despite water cooling, nearly full 
precipitation up to the equilibrium volume fraction was observed. Water 
quenching was relatively slow due to the quartz encapsulation used 
during homogenization hindering initial quenching and the lack of 
water agitation. Further, the core 5.8 mm part of the initial 13 mm 
homogenized rod was used, resulting in reduced cooling rates while 
mitigating the effects of uneven contact with the coolant medium. While 
precipitation of 50 % of γ′ during water quenching is unusual and sur
prising, similarly rapid nucleation and growth have been reported for 
other superalloys under water cooling conditions [85–88].

Results from the automatic microstructure imaging of the tempera
ture gradient-aged sample are shown in Fig. 3. Images are presented in 
order of decreasing aging temperature, showing the different aging γ′ 
morphologies. Magnification is scaled roughly according to the mean 
apparent diameter of the precipitates. With images acquired with a pitch 
of 353 µm along the temperature gradient, a mean temperature reso
lution of 2.6 ◦C (max. spacing: 3.2 ◦C) was achieved, while the tem
perature differences within the sampled regions were within 0.05 ◦C (e. 
g. between the high/low temperature facing edges of the SEM images, 
see Fig. 3b).

No aging γ′ was observed at 1164 ◦C and above, which was thus 
identified as the solvus temperature. Fig. 3a shows an example of the 
corresponding microstructure, where only fine cooling γ′ is present. To 
account for both the lack of aging γ′ and show the significant amount of 
cooling γ′ formed during water quenching, a high-magnification outcrop 
is overlaid over an image scanned at lower magnification. Under the 
imaging conditions used, the γ′ phase appears as light gray as compared 
to the darker γ matrix phase. In contrast to Fig. 3a, at just 2 ◦C lower, a 
small fraction of large aging γ′ was observed at 1162 ◦C (Fig. 3b). With 
decreasing aging temperature, increasing fractions of aging γ′ of 
decreasing size were observed up until approximately 850 ◦C (Fig. 3c–f), 
below which no significant precipitate growth could be observed for the 
3 h aging treatment, remaining close to the as-quenched state 
(Fig. 3g–h). The magnified outcrop in Fig. 3a and i), depicted at the same 
scale, shows the equivalent microstructures formed during super-solvus 
water quenching after aging and homogenization, respectively.

Some precipitates exhibited shapes not explicable by Ostwald 
ripening alone, such as concave elements or L-shaped precipitates. Such 
instances, outlined red in Fig. 3, were especially common at interme
diate temperatures with high volume fractions but significant amounts 
of coarsening, such as shown at 850 ◦C in Fig. 3f. Both lower amounts of 
γ′ at aging temperature as well as reduced aging progress decreased the 
frequency of such odd-shaped precipitates.

Table 2 
Parameters used in the indent inverse analysis [67].

εr ke kp1 kp2 kp3

0.08 7.23 1 0 229.1
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Fig. 4 gives a summary of the microstructure evaluation results. The 
horizontal axis for aging temperature is shared between all of the plots, 
giving area fraction, mean apparent diameter from the cross section 
images and the median value for the shape parameter n of the super
ellipse fitting according to Eq. (1). Data shown in red signifies aging γ′, 
while area fractions determined for cooling γ′ are marked blue. For each 
temperature, confidence intervals and mean values are calculated for 
the 10 measurements at equal temperature. Area fractions (Fig. 4a) of 
aging γ′ across the range of aging temperatures observed roughly 
matches the CALPHAD predictions by Thermo-Calc using the Ni-Data-v8 
database (dashed line), although the experimentally observed γ′ solvus 
temperature was 1164 ◦C as opposed to 1181.7 ◦C by calculation. 
Accordingly, the CALPHAD calculation overestimates the solvus tem
perature by nearly 18 ◦C, or put differently, overestimates the γ′ volume 
fraction at the solvus temperature by approximately 5.5 %. Cooling γ′ 
was found to fully nucleate and precipitate in the short timeframe during 
water quenching, which was also observed after homogenization treat
ment of the samples. Thus, significant fractions of both aging and 
cooling γ′ coexist after quenching from temperatures between approxi
mately 950 up to 1162 ◦C. Quantitative analysis of the precipitate sizes 
for cooling γ′ would have required automatic framing of high- 
magnification SEM scans to exclude the aging precipitates as much as 
possible, which is currently not implemented in the automatic imaging 
routine.

The precipitate sizes of aging γ′, calculated as equivalent diameters 
from the precipitate areas measured by image evaluation, are depicted 
in Fig. 4b. Slight fluctuations in mean precipitate diameter can be 
observed between 650 ◦C and 750 ◦C, which is assumed to be caused by 

imperfections in focus and/or stigma correction at the high magnifica
tions necessary for imaging. Significant growth can be observed for 
temperatures above about 850 ◦C. A slight decrease in the slope of the 
resultant mean diameter over the temperature can be seen starting from 
about 1050 ◦C, coinciding with a notable decline in volume fraction.

The precipitate shape, specifically roundness, as evaluated by the 
superellipse fit according to Equation 1 is shown in Fig. 4c. The shape 
parameter n = 2 describes perfectly round (circular or elliptical) pre
cipitates, while values of n > 2 model increasingly cuboidal shapes. As a 
visual guide, the auxiliary y-axis on the right side of Fig. 4c shows the 
resulting shapes for the circular case (a = b). For alloy TMP-5002, no 
significant shape transitions during aging were observed, with the sec
tions staying close to the perfectly round shape with n = 2 across the 
whole range of aging temperatures.

Precipitate size distributions for aging γ′ as determined by automatic 
SEM image analysis are depicted in Fig. 5. Aging temperatures are 
depicted color-coded according to the color bar to the right, with lower 
temperatures in darker, purple tones and high temperatures in yellow. 
Measurements at equal temperature are aggregated as a single, 
normalized histogram each, with the resulting frequencies plotted over 
the automatically calculated bins for the apparent diameter axis. At 
higher temperatures, significant broadening of the distribution towards 
larger diameters can be seen. Up to about 940 ◦C, approximately 5000 
precipitate sections are evaluated at each aging temperature, dropping 
to around 2300 sections at 1060 ◦C and 1000 sections at 1150 ◦C as the 
interparticle distances increase with decreasing volume fractions, 
resulting in each SEM micrograph containing fewer precipitate sections.

Fig. 3. Exemplary microstructure images at different aging temperatures. γ′ phase appears as a lighter gray embedded inside the darker γ matrix. The aging tem
perature rises from the right to the left, both between and inside each of the images. a) Is just above, and b) just below the solvus temperature. b) Also gives the 
temperature differential between the high (left) and low temperature (right) edges of the image. Red markings denote examples for odd-shaped precipitates 
inconsistent with Ostwald ripening, with f) showing a single, magnified example without the marking. Note the differing image scales. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.)

T. Hoefler et al.                                                                                                                                                                                                                                 Materials & Design 256 (2025) 114279 

6 



3.2. Nanoindentation testing

Fig. 6 shows representative indents as imaged by SEM. Of the four 
simultaneously acquired quadrant AsB images, only one image each is 
given for conciseness. Indents are closely similar in appearance at all 
temperatures, with the smallest shown indent at 647 ◦C (Fig. 6i) having 
a side length of 1.36 µm as compared to the largest shown indent at 
1014 ◦C (Fig. 6d) at 1.53 µm. Coarser γ′ precipitates are visible in the 
surrounding substrate in Fig. 6b–d at 1162 ◦C, 1087 ◦C and 1014 ◦C 
respectively. Out of the 2400 indents performed, 2382 were automati
cally located, centered and scanned, resulting in a miss rate of less than 
1 %.

The results of the pileup analysis for the indent in Fig. 6i are given in 
Fig. 7. The four-channel AsB SEM images, together with the final indent 
depth hf known from nanoindentation, allow calculation of the height 
surface shown in Fig. 7a. Pileup is then determined as the local maxima 
closest to the indent center at the 3 lines passing through each of the 
corners and the indent center, marked red in the two-dimensional map 
in Fig. 7b. The height profiles through the center at these angles are 
given in Fig. 7c, which also gives the mean pileup value hp and the 
maximum indent depth during indentation testing hmax, from which the 
normalized indent height Hp was then determined as according to Eq. 
(3).

A compilation of the nanoindentation force/depth curves is given in 
Fig. 8, with a) showing all data with aging temperature indicated both 
by color and x axis position, while b) shows results for selected tem
peratures. The same color scale as in Fig. 5 is used. 54 of the 2400 tests 
performed were identified as outliers by Grubbs test using the reduced 
Young’s modulus, with 29 of these outliers clustered at approximately 
730 ◦C. As indents at equal aging temperature were performed in 
sequence before proceeding to the next temperature, it seems likely that 
temporary tip contamination caused these clustered outliers. The rep
resentation in Fig. 8a shows consistent loading and unloading behavior 
for all aging temperatures, and the change in hardness results in a 
somewhat sinusoidal shape of the maximum depth datapoints.

Fig. 9 shows the nanoindentation hardness and reduced Young’s 
moduli gathered from the force/depth curves in Fig. 8, together with the 
pileup ratios determined by SEM analysis, over a shared aging temper
ature axis. With increasing aging γ′ diameter above approximately 
850 ◦C, a continuous decrease in hardness can be observed up to around 
1020 ◦C in Fig. 9a. Above this temperature, the amount of fine cooling γ′ 
formed during quenching increases (from 11 % at 1022 ◦C to 28 % at 
1116 ◦C, and finally 56 % above 1164 ◦C) while the amount of aging γ′ 
steadily decreased in accordance to the equilibrium conditions at the 
respective aging temperature, causing hardness to increase again. The 
reduced Young’s modulus (Fig. 9b) was found to be largely independent 
of aging temperature and the associated microstructure. The pileup ratio 
(Fig. 9c) shows a slight downward trend between 950–1150 ◦C, followed 
by a slight but sharp increase, showing some correlation to γ′ growth and 
the solvus temperature of 1164 ◦C.

4. Discussion

4.1. Structure: γ′ size distribution and growth rate analysis

The large number of SEM sections acquired at a high temperature 
resolution inaccessible by traditional methods allows us to perform an 
in-depth analysis of both the as-aged precipitate size distribution as well 
as the coarsening kinetics of alloy TMP-5002. 

d3 − d3
0 = 8K

(
fV
)
t (5) 

Coarsening of the γ′ phase is modeled using Equation (5), with the 
diameter d after aging for time t from the initial diameter before aging d0 
proportional to the coarsening rate K, which is dependent on the volume 
fraction fV of the coarsening phase (the constant factor 8 stems from 

Fig. 4. Results of the automatic microstructure evaluation. Results for aging γ′ 
are shown in red, while cooling γ′ formed during quenching following the 
gradient aging treatment is shown in blue. A black, dashed line indicates the γ′ 
phase fraction at aging temperature as calculated by Thermo-Calc using the Ni- 
Data-v8 database. Note the logarithmic scale on the mean diameter axis. (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)

Fig. 5. Precipitate size (apparent diameters gathered from SEM cross sections) 
histograms for aging γ′ at different aging temperatures, which are distinguished 
by the color scale to the right.
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using diameters instead of radii). For the present alloy, this dependance 
on fV stems from precipitate coalescence, which plays a significant part 
in the formation of the precipitate sizes observed in Fig. 5. Actual in
stances of coalesced precipitates were commonly observed in the auto
mated SEM sections, with examples pointed out in Fig. 3. The precipitate 
size distributions are notably broader than would be expected by LSW 
theory (which does not take the effects of fV into account), including 
diameters beyond the theoretical maximum value of 1.5 times the dis
tribution mean. Furthermore, a drop in the mean apparent diameters in 
Fig. 4 at temperatures above 1050 ◦C suggests an influence of the vol
ume fraction at high aging temperatures, which is consistent with coa
lescence events decreasing in frequency with decreasing volume 
fractions. To account for these effects, we use the LSEM model originally 
proposed by Davies et al. [79]. For the simple case of a binary alloy, K 
can be calculated according to Equation (6) [79,80]. 

K
(
fV
)
=

6γIFVmcer3

RTY
(
fV
) D(T) (6) 

Where fV is the volume fraction of the coarsening phase, γIF is the 
interfacial energy between the two phases, Vm is the molar volume of the 
coarsening phase, ce is the equilibrium molar fraction of solute in the 
matrix phase, r is the average radius in the LSEM distribution, R is the 
universal gas constant, T the temperature, Y (originally termed γ by 
Davies et al.) is a time-independent rate coefficient depending on the 
volume fraction, and D the diffusion coefficient in the matrix phase. The 
value of Y also affects the size of the precipitate size distribution, 
generally leading to broader distributions at higher volume fractions.

Fig. 10a shows the theoretically expected distributions fitted to 
gaussian kernel density estimates (KDE) using the experimentally 
observed precipitates as well as the relevant histograms as shown in 
Fig. 5. Good agreement was found for temperatures above 900 ◦C, where 
significant growth occurs within the 3 h aging treatment and the system 
approaches the asymptotic state. In contrast, there is a larger 

discrepancy between model and observed values at 647 ◦C, which cor
responds to the initial state after water quenching from the super-solvus 
homogenization treatment. Precipitate size in this regime is mostly 
controlled by the dynamic nucleation and growth processes during 
quenching, with continuously decreasing temperature and increasing 
volume fraction. To show the effect of volume fraction on the distribu
tion shape more clearly, Fig. 10b depicts the relative size distributions as 
scaled by the fitted distribution mean value. Lower temperatures with 
higher amounts of γ′ phase present during aging exhibit heavier tails 
towards larger relative sizes and a slight skew to the left when compared 
to higher temperatures (low volume fractions). The difference between 
observed and model values at 647 ◦C is also more apparent here, while 
the temperatures above 900 ◦C follow the theoretically expected trend. 
Fig. 10b further shows the cut-off of smaller particles, which is caused by 
limitations in image resolution. Given the exclusion of particles with an 
area of less than 64 pixels and an average-sized precipitate having about 
700 pixels area, this results in only particles with approximately 30 % of 
the mean diameter being detected. Nevertheless, the true mean diameter 
is recovered by the fitting procedure.

An evaluation of the microstructure results from Fig. 4 according to 
the LSEM theory of precipitate coarsening, accounting for the effects of 
precipitate coalescence, is shown in Fig. 11. For the present, multi- 
element alloy TMP-5002 examined, the equilibrium phase composi
tions, molar volume, γ/γ′ interfacial energy and diffusion coefficients 
required for determination of the rate constant K (Eq. (6)) are practically 
unknown. However, we can perform a model fit using the volume 
fractions and mean precipitate diameters in dependence of aging tem
perature gathered from the gradient aging experiment. We can rewrite 

Eq. (6) into the Arrhenius-like form in Eq. (7) using the relation K
(
fV
)
=

K(0) 27Y(fV)
4r3 [79], combining the coefficients into a single prefactor A, 

and introducing the activation energy for coarsening EA. 

Fig. 6. Single quadrant SEM-BSD images at different aging temperatures for room temperature indent pileup analysis. While magnification is automatically scaled 
according to the apparent indent diameter during analysis, they are shown at equal scale here for size comparison.
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log(K(0)T) = log(A) −
EA

R
1
T

(7) 

From the fitted distributions in Fig. 10a, the actual mean three- 
dimensional precipitate diameters were extracted. Given an initial pre
cipitate size d0 = 58 nm after homogenization with water quenching, the 

rate constant K(0) was calculated for each measured aging temperature. 
95 % confidence intervals were calculated assuming systematic errors 
during imaging to be dominant. Focus, contrast, working distance and a 
large variety of other parameters, as well as environmental influences 
such as vibration, can cause a deviation on the order of a few image 
pixels width in the diameters determined by automatic image analysis, 
affecting all precipitates in the analyzed region. Assuming a standard 
deviation of 2 pixels width in the diameters obtained by automatic 
image analysis, we can calculate the confidence intervals shown in 
Fig. 11. Since the magnification was continually adjusted according to 
the apparent size of the precipitates, the resulting errors are roughly 
proportional to the measured diameters.

Fig. 11a shows the observed coarsening rate constants with the 
model fit. At low temperatures below 850 ◦C without significant 
coarsening, the measurement error largely dominates the value for the 
rate constants, at some points becoming negative as the measured mean 
diameters after aging d are below the initial mean diameter d0. The 
affected values were excluded for the linear regression. Fitting according 
to Eq. (7), we get the values A = (8.18 ± 2.51) × 10− 9 m3 s− 1 K and EA =

348 ± 3 kJ mol− 1, with the uncertainties calculated from the 95 % 
confidence intervals for the fitting parameters. The activation energy of 
coarsening thus determined is markedly higher than typically reported 
for Ni-based superalloys, which are mostly in the range 250–290 kJ 
mol− 1 (with singular values as high as 358 kJ mol− 1) [81,89]. However, 
similarly high values have been reported by Rieger et al. as 352 ± 29 kJ 
mol− 1 for Al5.5Ti7Cr13.1Fe8.8Co25.2Ni40.4 [90] and by Pandey et al. as 360 
± 50 kJ mol− 1 for Co37.6Ni35.4Al9.9Mo4.9Cr5.9Ta2.8Ti3.5 [91]. As 
described in aforementioned work by Rieger et al., it is likely that the 
temperature-dependent composition difference between the γ and γ′ 
phases increases the activation energy for coarsening, in addition to the 
activation energy for bulk diffusion.

Fig. 11b gives a comparison of the measured mean diameters with 
the results from the fitted model. In the LSEM model shown in red, 
precipitate coalescence leads to higher coarsening rates at lower tem
peratures/higher volume fractions. This is in good agreement with the 
experimental values, where there is a slightly decreased slope from the 
mostly linear, asymptotic part at higher temperatures to the left. 
Conversely, in the LSW model without dependence on volume fraction, 
there is a significant deviation from the observed values above 1100 ◦C, 
exceeding the upper confidence limit (see the magnified section in 
Fig. 11b). We thus assume that precipitate coalescence plays an essential 
part in the coarsening kinetics for the alloy TMP-5002. Traditional an
alyses using individually heat treated samples with significantly fewer 
data points over temperature have often been unable to experimentally 
reveal a significant influence of the volume fraction [89]. In comparison, 
the large amount of datapoints of the present high-throughput method 
experimentally reveals more subtle changes in the rate constant due to 
precipitate coalescence, which according to the LSEM theory are limited 
to a maximum factor of about 3 as compared to the LSW model [79].

4.2. Property: calculation of stress–strain curves

Using the data from Fig. 6 and Fig. 9, nanoindentation inverse 
analysis leads to the stress/strain curves presented in Fig. 12. Here, we 
assumed linear hardening behaviour, resulting in a constant slope in the 
plastic deformation regime. The only significant, discernable difference 
between the stress/strain curves is the yield strength, while the slopes of 
both the elastic and plastic regimes are highly similar. The key proper
ties extracted from these curves are shown in Fig. 13, with yield strength 
and strain hardening rate plotted over a shared horizontal axis for the 
aging temperature. With the strain hardening coefficient B being mostly 
independent of aging temperature (Fig. 13b), the yield strength 
(Fig. 13a) closely follows the measurement results for hardness (Fig. 9a), 
varying from approximately 600 MPa to 800 MPa. It needs to be 
assumed that the results for mechanical testing of macroscale samples 
will deviate from the values determined at the nanoscale, especially at 

Fig. 7. Results of the pileup analysis for the indent located at aging tempera
ture 647 ◦C shown in Fig. 6i. Indent topography is shown as a three- 
dimensional surface (a), a contour map (b) and in form of the sections used 
for pileup analysis (c). 3 lines are laid from the corners through the indent 
center to determine the pileup as the local maxima closest to the indent center. 
The determined maxima locations are shown in b), while the height profiles 
across the lines can be seen in c), which also shows the mean pileup height hp 
(dotted red), the final indent depth hf (dashed red) and the maximum indent 
depth hmax (solid red). (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.)
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the larger interparticle distances for the low volume fraction/large 
diameter regime above 1000 ◦C and below the solvus temperature.

4.3. Performance analysis of the high-throughput method

As a core metric for any high-throughput method, we will discuss the 
times necessary for sample preparation and measurements. A short 
graphical comparison is presented in Fig. 14, with the detailed times and 
estimates outlined below.

Preparation times are dominated by single crystal casting, effectively 
taking a full 24 h, and the homogenization treatment requiring 125 h for 
virtually complete elimination of segregation gradients. The aging 
treatment, including experimental setup and cleanup times, requires 
another 8 h, while polishing and machining times completed within 3 h 
of worktime, resulting in an overall preparation time of 160 h – or just 
short of one week of pure worktime – for the single crystal sample ready 
for analysis.

For the sample analysis, nanoindentation took a majority of the time 
required. Due to the required motor, piezo and drift settle times, a single 
indent required an average measurement time of 188 s, resulting in 125 
h for all positions. SEM analysis was comparatively quicker with an 
average 44 s per position or 29 h overall for both the microstructure and 
indent pileup analysis routines. In total, analysis required 154 h of pure 
measurement time.

With measurement taking 154 h using the high-throughput single 
crystal sample prepared in 160 h, the overall time for the high- 
throughput method amounts to 314 h or just over 13 days. For the 
same amount of 2400 data points measured over the gradient sample, a 
more traditional analysis using tensile testing for the generation of 
stress/strain curves would require preparing 2400 tensile specimens. 
The calculations below assume using the same equipment as used for the 
sample in the present paper.

The casting dimensions allow for the creation of 16 tensile specimens 
from a single 24 h cast requiring, effectively requiring 1.5 h per speci
mens. Next, the 125 h homogenization could be performed in batches of 
8 specimens per treatment cycle, coming to 15.6 h for each sample. 
Similarly, the 3 h aging treatment, with an additional 2 h heating time, 
could be performed with two batches of 5 specimens for each temper
ature (for a total of 10 at equal aging temperature as in the present 
paper), thus requiring 1 h each. Machining and testing of the tensile 
specimens is expected to take 8.4 h each based on a previous comparison 
by Goto et al. [84]. Therefore, generation of the same amount of stress/ 
strain curves alone takes a total of 26.5 h each, or over 7 years and 3 
months for all 2400 specimens, or approximately 200 times longer than 

Fig. 8. Room temperature nanoindentation force/depth curves. a) All curves measured, b) Data for selected aging temperatures. Maximum load 10 mN, hold time 10 
s, loading/unloading rate 2 mN/s.

Fig. 9. Room temperature nanoindentation testing results. Hardness H (a), 
Reduced Youngs modulus Er (b) and the pileup ratio Hp (c) determined from the 
four-channel AsB SEM images are given over a shared axis for the aging 
temperature.
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the method proposed in this paper. One might argue that this is an 
excessive amount of data for the evaluation of the relatively simple 
sample presented in this paper, serving mainly as proof-of-concept for 
the high-throughput method. However, application of the method to 
more complex samples introducing additional degrees of freedom 
(composition, crystal orientation, etc.) would require an equal or even 
larger amount of measurements.

Microstructure analysis could then be performed from cutoff sections 
from tensile specimen machining, requiring no additional casting or 
heat treatment times. While polishing and imaging setup times for 220 
samples to gather data at the same 220 temperatures would require 
additional time compared to the high-throughput method, the more 
pressing issue would be reproducibility of the polishing and imaging 
conditions. Further, imaging automation would be much more difficult, 
requiring constant operator attention, while the high-throughput 

sample could be comfortably setup to automatically image over a 
weekend, with no supervision required. Practically, imaging of 220 
separate samples would be performed by multiple operators over weeks 
or months. Variations in imaging conditions and operator skill would 
further lead to degradation of data quality.

The method enables investigation of large composition and treat
ment temperature ranges, scanning for desirable as well as undesirable 
phases and improving assessments for phase diagrams, especially if 
combined with elemental analysis methods such as EPMA for measuring 
phase compositions. Composition data would further allow estimating 
interfacial energies as well as the effects of elemental partitioning 
varying with temperature on the activation energy for coarsening [90]. 
In combination with mechanical testing, relating the stress/strain 
response to the different material strengthening mechanisms could 
improve existing models, allowing prediction of the structure necessary 
for ideal properties. Besides physical models, the large amounts of data 
gatherable by the method would also make it well-suited for training 
models using machine learning in order to predict novel materials.

5. Conclusions

We have presented a high-throughput method allowing acquisition 
of 2400 sets of microstructure and mechanical property data for 220 
different aging temperatures between 647 and 1208 ◦C. In an estimate, 
we calculated this method to be approximately 200 times faster than 
traditional testing using tensile specimens in order to acquire the same 
amount of stress/strain curves. While a more targeted analysis using 

Fig. 10. SEM apparent precipitate size distributions fitted to measured distri
butions for selected temperatures. a) Absolute size distributions showing 
coarsening with temperature, b) Relative distributions by normalization using 
mean values, showing slight changes in distribution shape due to differing 
volume fractions.

Fig. 11. LSEM coarsening fit (red, loosely dashed line) applied to the measured 
mean aging γ′ diameters (black circles), with comparison to the LSW model 
(blue, finely dashed line) without volume fraction dependence. Note that the 
confidence intervals shown are calculated assuming a systematic standard de
viation of 2 pixels in the image analysis routine. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web 
version of this article.)
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traditional methods could allow evaluating the mechanical properties of 
alloy TMP-5002 depending on aging treatment in a similar amount of 
time and cost as the high-throughput method, the large amounts of data 
gatherable by the high-throughput method allow comprehensive eval
uation of more complex samples such as multi-diffusion couples [67] or 
similar multi-graded materials [62]. Beyond performance, this method 
also results in highly correlated and consistent data by performing all 
analyses on the same sample, aged in a continuous temperature 
gradient, at the same locations and in one measurement session, elimi
nating most environmental influences and variations due to different 
operators. While the relationship between hardness and yield strength 
for the alloy TMP-5002 used in the present paper was found to be mostly 
proportional due to the strain hardening rate determined from nano
indentation inverse analysis being mostly independent of aging tem
perature, coarsening rate analysis revealed a significant influence of the 
volume fraction present at aging temperature, owing to the high 

temperature resolution of the data measured. The data gathered in this 
work serves to optimize the heat treatment for tailoring volume fraction 
and size of the critically important secondary γ′ precipitates. Additional 
heat treatments of the gradient sample could further help optimization 
of tertiary γ′ for an optimal balance of mechanical properties.

In principle, the method presented here is applicable to any engi
neering material accessible to nanoindentation and SEM, featuring any 
type of gradient (e.g. concentration or deformation) or polycrystalline 
samples for investigating the effects of grain size or crystal orientation. 
Further, extending the method to include nanoindentation testing at 

Fig. 12. Room temperature Stress/strain curves calculated by nanoindentation inverse analysis. a) Shows all temperatures evaluated with the yield points marked 
black, while b) shows select temperatures. Assuming linear hardening, the plastic flow regime has a constant slope equal to the strain hardening rate B.

Fig. 13. Room temperature yield strength (a) and Strain hardening rate (b) 
over aging temperature, gathered as the slopes of the elastic and plastic 
deformation regimes of the stress/strain curves in Fig. 12, respectively.

Fig. 14. Performance comparison between the high-throughput method pre
sented here and an estimate for the same amount of data (2400 points) gathered 
by traditional methods. Times are given in a logarithmic scale for Process 
(casting, homogenization and aging), Structure (SEM imaging), Properties 
(nanoindentation and tensile testing) and in total, each with speedup factors of 
the high-throughput method compared to the traditional method. While 
negligible overall, SEM analysis for the traditional method was assumed to take 
the same 29 h as for the high-throughput method.
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high temperatures would aid gathering data particularly valuable for 
aerospace materials.
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