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ABSTRACT
Automated autonomous experiment systems in material science are desired for exploring 
numerous conditions, but barely any examples for solid bulk metals are reported. In this 
study, an automated experimental system for structural metallic materials is designed to 
evaluate the process–structure–property relationship of structural metallic materials. Fully 
automated heat treatments, X-ray diffraction (XRD) measurements and impact testing on 
bulk metallic samples with a size of 40 × 4 × 1.5 mm3 are realized by integrating a robot arm. 
The experimental process, excluding heat treatment, can be finished within 800 s for 1 sample. 
Automated high-throughput experiments on the one- and two-step tempering of a JIS 
SCM435H alloy are performed to demonstrate the capability and efficiency of the system, 
and the accuracy of the resulting property data is validated by manually measured hardness. It 
is also found that the diffraction peak width is positively correlated with strength, indicating 
the capability of the system to achieve structure–property relationships. An AI optimization 
tool built in the NIMS Orchestration System (NIMO) is implemented, thereby providing a basis 
for future closed-loop autonomous optimization.

IMPACT STATEMENT
This work present a fully automated robotic platform integrating heat treatment, X-ray diffrac
tion, and mechanical testing for bulk structural metals, enabling AI-driven autonomous 
exploration of process-structure-property relationships.
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1. Introduction

In current development materials research, the scope of 
experimental conditions to be explored in both synthe
sising and processing is rapidly expanding, creating 
a spacious range for experimental exploration. On the 

other hand, due to time and economic constraints in 
the real world, explorations and evaluations performed 
by human researchers have been limited to only 
a considerably small fraction of these possibilities so 
far. Therefore, there is a growing need to realize auto
mated, autonomous experimental systems in materials 
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development that free human researchers from repeti
tive tasks, through combining automation and artificial 
intelligence (AI).

In recent years, driven by technological innovations 
in robotics and artificial intelligence (AI), automated 
and autonomous experiments have already been imple
mented in the development of organic and inorganic 
functional materials that handle liquids [1–3], powders 
[4–6], thin films [7–9], etc. One exemplar study could 
be the autonomous experimental system built by 
Shimizu et al. [8]. They demonstrated autonomous 
experiments in synthesis and resistance minimization 
of thin films as an example to illustrate how the speed 
and the volume of future big-data collection in materi
als science will be achieved. Another example of the 
closed-loop autonomous materials exploration could be 
the work presented by Liang et al. [9], where the experi
mental determination of phase boundaries in thin films 
is autonomously interspersed with real-time updating 
of phase diagram prediction using CALPHAD. 
Furthermore, orchestration software suites for autono
mous experimentation systems and self-driving labs are 
also being developed to orchestrate experimental 
actions and data handoff between lab equipment, ana
lysis routines, and experimental planning modules, 
such as the ARES OS 2.0 [10], ChemOS 2.0 [11] and 
NIMO [12]. In fact, early autonomous experimentation 
efforts have focused almost exclusively on functional 
materials as of 2021, summarized by Stach et al. [13].

Compared with the vast development of automated 
autonomous materials exploration systems in func
tional materials, however, systems that handle bulk 
metallic materials with defined shapes are relatively 
few. As pointed out by Miracle et al. [14], developing 
automated autonomous experimental systems for 
structural materials is identified as an underserved 
topic due to the additional technical challenges offered 
by this class of materials. The computational cost is 
higher, unlike functional materials where the proper
ties of interest can be achieved by DFT calculations; 
the thermomechanical processing of structural mate
rials and subsequent sample preparation are time- 
consuming and difficult to automate, and structural 
characterization and mechanical property evaluation 
often require different instruments, while specimen- 
handling procedures are challenging [14]. Existing 
efforts related to structural metallic materials can be 
broadly classified into three categories: (i) automated 
characterization and property evaluation, (ii) auto
mated synthesis of bulk metallic materials, and (iii) 
data- or AI-driven frameworks for materials design 
and experimental planning.

First, systems centered on automated characteriza
tion and property evaluation of structural materials 
have recently been developed. Hoefler et al. [15] pro
posed an automated system for high-throughput pro
cess–structure–property dataset generation of 

structural materials using a temperature gradient heat
ing furnace, automated scanning electron microscopy, 
and nanoindentation inverse analysis. Although this 
system enables efficient dataset generation, the applic
able processing conditions are constrained by the use 
of the temperature gradient furnace. Hufnagel et al. 
[16] developed an automated laboratory integrating 
a laser microflyer impact system, X-ray diffraction 
and fluorescence measurements, and nanoindentation 
for the high-throughput characterization of structural 
materials for extreme environments. However, the 
present configuration does not include a process for 
actively modifying the microstructure, such as heat 
treatment, and primarily employs thin-foil specimens 
rather than defined-shape bulk specimens.

Second, other platforms have focused on the auto
mated synthesis of bulk metallic materials. The high- 
throughput rapid experimental alloy development 
methodology proposed by Vecchio et al. [17] incorpo
rates automated additive manufacturing synthesis 
with a revolving powder feeder so that 16 different 
samples can be produced at once. Further X-ray dif
fraction, scanning electron microscope (SEM) micro
structure analysis and nanoindentation measurement 
can be performed in an automated, high-throughput 
fashion. However, sample transfer between the indivi
dual instruments is currently performed manually. 
Another recent example could be the automated 
synthesis platform for bulk intermetallic compounds 
based on an arc-melting process developed by Wang 
et al. [18], where ingots with arbitrary composition 
can be automatically produced. However, currently, 
their synthesis still starts from powders or small 
chunks, and incorporating characterization hardware 
such as an X-ray diffractometer (XRD) is still under
way. These systems provide important capabilities for 
compositional exploration and alloy synthesis, but 
they do not automate the complete post-synthesis 
sequence of processing, microstructural characteriza
tion, and mechanical property evaluation for fixed- 
geometry specimens.

Third, data- and AI-driven frameworks have been 
developed for autonomous alloy design, experimental 
planning, data integration, and optimization [19–22]. 
General orchestration software suites, including ARES 
OS, ChemOS, and NIMO [10–12], similarly provide 
functions for coordinating experimental actions and 
transferring data between instruments, analysis rou
tines, and machine learning-enhanced physics models. 
These approaches mainly provide the data- 
management, or orchestration layer and do not, by 
themselves, establish a complete physical workflow for 
the automation of experiments.

Taken together, the previous studies have auto
mated important individual stages of structural- 
materials research. However, to the best of our knowl
edge, a system that integrates heat treatment, 
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microstructural characterization, and mechanical 
property evaluation of defined-shape bulk metallic 
specimens within a single automated workflow has 
not yet been reported. Such integration is particularly 
important for investigating the process–structure– 
property relationships of commercial structural alloys, 
for which properties can be extensively varied through 
processing conditions even without changing the alloy 
composition. In fact, an almost infinite number of 
variations could exist when combining the heating 
temperature, holding time, and heating and cooling 
rates. Regarding the tempering of martensitic low- 
alloy steels, the effectiveness of unconventional heat 
treatment processes such as rapid heating [23, 24] has 
been proven to improve the mechanical properties 
(hardness, strength, toughness, etc.) of the alloy. 
Similarly, the application of multiple steps of temper
ing should also be promising, but it is seemingly less 
studied. One report [25] of two-step tempering shows 
an improvement of the yield-to-tensile-strength ratio. 
However, the underlying metallurgical mechanisms 
and optimized conditions for such two-step tempering 
are still unknown. Considering the potential of micro
structure modification and mechanical properties 
improvement through such unexplored heat treat
ment, there is a strong need to realize high efficiency 
and comprehensive exploration across a wide range of 
parameters.

Accordingly, the aim of the present study is to 
design and establish an automated experimental sys
tem for evaluating the process–structure–property 
relationships of structural metallic materials. The pro
posed system integrates an induction heating furnace, 
an X-ray diffractometer, and an impact testing 

machine through robotic specimen transfer using 
a robot arm and unified software control. It thereby 
enables heat treatment, microstructural characteriza
tion, and mechanical property evaluation of defined- 
shape bulk metallic specimens within a single auto
mated workflow. NIMO is implemented for auto
mated optimization of the furnace PID parameters 
and provides a basis for future closed-loop autono
mous exploration of heat-treatment conditions.

2. System configuration and components

The current system is designed to run fully automati
cally and is capable of exploring the process–struc
ture–property relationship by performing heat 
treatments, X-ray diffraction and impact testing on 
any structural metallic materials with a particular 
composition, e.g. low-alloy steels. The size of the 
bulk sample used for this system is fixed at 40 × 4 ×  
1.5 mm3. The schematic diagram of the system con
figuration is shown in Figure 1. The specimen is heat- 
treated by an induction heating furnace (Yonekura 
Manufacturing Automated Autonomous Heating 
System, custom-made) at a given set of process con
ditions. The induction furnace is equipped with 
a vacuum pump, as well as mass flow controllers for 
introducing an Ar + 2%H2 mixture gas for the heating 
atmosphere (to prevent oxidation) and helium gas for 
gas cooling. It is capable of a heating rate of 500 K/s to 
1500 °C  and a cooling rate of approximately 200 K/s 
using helium gas cooling at maximum. Furthermore, 
all functions of this equipment – including the trans
port of the sample stage into the chamber, vacuum 
pumping, gas introduction (including flow rate 

Figure 1. Schematic diagram showing the configuration of the present system.
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control), and the execution of set heating programs – 
can be automatically controlled using a Python pro
gram that sends text-based commands. The tempera
ture of the heated sample is measured and controlled 
by single-color (150–1000 °C ) and two-color (600– 
1800 °C ) infrared pyrometers, each with 
a measurement spot diameter of approximately 
2.5 mm. The homogenous heating zone of the induc
tion coil is approximately 10 mm wide and is sufficient 
given the X-ray beam diameter (2 mm) and the blade 
thickness (1 mm at the tip) of the impact testing 
machine used in this system.

The microstructures of the heat-treated samples are 
then characterized using a portable X-ray analyser 
(PULSTEC μ-X360s). The X-ray diffractometer 
(XRD) is equipped with a 2-dimensional detector 
and placed in a shielding box with a motorized door. 
The X-ray for the current diffraction device is pro
duced by a Cr Kα target (Kα complete line (Kα1 +  
Kα2): 0.2290 nm) with a beam diameter of 2 mm. The 
X-ray tube is operated at a tube voltage of 30 kV and 
a tube current of 1.0 mA. It is capable of measuring 
diffraction peaks of both ferrite (211α, located near 
2θ = 156.4°) and austenite (220γ, located near 2θ =  
128.8°) phases for iron-based alloys, thus outputting 
results on the full width at half maximum (FWHM) 
and lattice constant of the diffraction peaks, along 
with phase fractions for the materials. All the diffrac
tion profiles obtained in this study are analyzed using 
the dedicated software of the analyzer, in which the 
manufacturer-recommended values are adopted for all 
the analysis parameters. A one-dimensional diffrac
tion profile is first extracted for each azimuthal angle 

on the detector and is smoothed by successively apply
ing a median, a Gaussian and a moving-average filter. 
The background is subsequently evaluated from the 
whole profile data and subtracted, and the peak posi
tion and the peak profile are then determined by 
fitting a Lorentzian function to the background- 
subtracted profile, from which the FWHM is obtained. 
An intensity correction is additionally implemented in 
the software, and the FWHM contained in the output 
data is therefore a corrected value; the detailed for
mulation of this correction is proprietary to the man
ufacturer and not disclosed. Since an identical 
instrument, identical measurement conditions and 
an identical analysis procedure are applied to all the 
specimens examined in this study, the obtained 
FWHM values are mutually comparable, and the dis
cussion below is therefore based on their relative 
changes. Regarding the mechanical properties, 
a micro-impact tester (TANAKA MIT-D05kJ) is 
attached to the system, and an impact speed of 1 m/s 
is adopted. By recording the load vs. displacement 
curves during impact testing, the bending strength 
and the impact energies of the materials can be deter
mined as the highest load during deformation and the 
area under the load–displacement curve, respectively, 
as explained later. A 6-axis collaborative robot arm 
(DOBOT Magician E6) is used to carry and place the 
samples in each part of the system, and its electric 
gripper allows it to handle different tools for conduct
ing the fully automated experiments.

The top-view photo of the entire automated experi
mental system is shown in Figure 2. The 6-axis robot 
arm is placed in the centre of the system. Other 

Figure 2. The top view of the entire automated experimental system. The numbers indicate the sequence of the experimental 
procedure. The red dashed circle indicates the working radius of the robot arm, 450 mm.
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experimental components are placed next to the base 
of the robot arm. The system is miniaturized within an 
area of approximately 1 m2, where the sample stage of 
the induction heating furnace, the XRD and the testing 
area of the impact testing machine are all located 
within the robot arm’s reach (r = 450 mm). The 
sequence of the experimental procedure is indicated 
by the numbers shown in Figure 2. The experiment 
starts from picking up a new sample from the auto
mated sampling feeder; the heat-treatment is then 
applied to the sample, and its weight is measured 
using an electronic balance. The weight of the sample 
is used to determine whether the collection of the 
fractured samples has been successful or not after the 
impact testing. The microstructure of the heat-treated 
sample is then characterized by XRD. After the X-ray 
diffraction, the sample is transferred to the impact 
testing machine for destructive testing of its mechan
ical properties. The broken samples after impact test
ing are picked up using an electromagnet gripped by 
the robot arm and transferred to a separate container 
placed on the electronic balance. After the weight 
confirmation, the container is put aside for further 
processing by human researchers.

Figure 3 shows the screenshots taken from the 
video recording of the whole experimental process. 
The full video is shown in Supplementary Movie S1. 
Corresponding times for the processes represented by 
the screenshots are also added to Figure 3, where the 
information is extracted from the experiment logs. An 

example of the experiment logs for the automated 
experiment of a single sample is shown in 
Supplementary Material S2. As shown in Figure 3 
and Supplementary Material S2, the approximate 
duration of each process (excluding the heat treatment 
time of 3600 s) is summarized as follows: 60 s for 
sample pick-up from the automated feeder and load
ing into the furnace, 40 s for sample weighing and 
transferring to the XRD, 400 s for the X-ray diffraction 
and analyses, 120 s for the impact testing and analysis, 
and 180 s for the sample recovery. Therefore, the 
automated experiments excluding the heat‑treatment 
process can be finished within 800 s.

In the current study, devices and tools are spe
cially designed in order to overcome the difficulties 
of handling bulk metallic materials during the auto
mated experiments. Some of the devices and tools are 
shown in Figure 4. Figure 4(a) shows a motorized 
sample feeding device designed to be built by a 3D 
printer (Bambu Lab X1C) using polylactic acid fila
ment. It can provide samples to be readily picked up 
by the robot arm continuously with 40 sample 
spaces. Driven by a motor-driven gear, each time 
the holding space aligns with the drop port, a single 
sample is supplied to the lower conveyor section. 
This rotating disk-type design allows for sample 
replenishment by humans without stopping the 
entire system during automated experiments. For 
the lower conveyor section, individual samples are 
transported to the sample pick-up position via the 

Figure 3. The screenshots taken from the video recording of the entire experimental process. Corresponding time elapsed since 
the start for each process is also added, with information extracted from the experiment logs. The starting time is 00:00:00, and the 
finish time is 01:29:38, where an induction heating time of 3600 s is included.
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lateral reciprocating motion of the white component 
(powered by the robotic arm), shown in the lower 
picture of Figure 4(a). Then, they are grabbed by the 
arm’s gripper and moved to the next location. The 
sample holder for the induction furnace is shown in 
Figure 4(b). A Y-shaped alumina holder is used to 
insert the sample into the furnace. The position of 
the holder is adjusted so that the centre of the sample 
aligns with the centre of the measurement spot of the 
single-color infrared pyrometer. For the XRD equip
ment, the sample is placed from above at the speci
fied camera length, as shown in Figure 4. The 3D- 
printed sample stage is attached to the XRD, and it 
features two sample positions: the upper position is 
designed for residual stress measurement (35° inci
dence, 44 mm camera length, 211α peak is measured), 
and the lower position is designed for retained aus
tenite content measurement (0° incidence, 27 mm 
camera length, both 211α and 220γ peaks are mea
sured). An additional mechanical shutter is designed 
and positioned between the detector of the XRD and 
the sample mounting stage to protect the sensor unit 
from incidental falling objects and collisions with the 
robot arm. To automate the opening and closing of 
the shielding box, a stepping motor compatible with 
Python program control is adopted. For transferring 
samples between the different camera length 

positions on the XRD stage and from the XRD to 
the impact tester, a pick-up tool for the robot arm to 
handle is designed and shown in Figure 4. The tool is 
used to place the sample onto the specified position 
on the impact tester with its side (40 × 1.5 mm2) 
facing upward and its front (40 × 4 mm2) facing the 
blade. The detailed procedure for using such a tool is 
shown in Supplementary Movie S1.

The temperature control of the induction heating 
furnace adopted in this system utilizes PID control, 
and the optimal PID values may vary depending on 
the target temperature and heating rate. Therefore, 
incorporating the optimized PID parameters accord
ing to the different heat‑treatment conditions is neces
sary to avoid any undesirable overshoot or 
undershoot. In this study, the NIMS (National 
Institute for Materials Science) Orchestration System 
(NIMO, a general-purpose Python library with var
ious combinations of AI modules) [12] is utilized to 
achieve the automated optimization of PID para
meters for the induction heating furnace. A list of 
PID candidates is prepared in advance, and the 
NIMO proceeds with the optimization by selecting 
the next candidate to try from the list. Based on the 
results of preliminary experiments, the search range 
for P is set to be 3–15 °C  with a step of 1, for I is 0–0.8 
s with a step of 0.1, and for D is 0–0.2 s with a step of 

Figure 4. (a) 3D model of the automated sample feeder. (b) Photo of the sample holder used in the induction heating furnace. (c) 
Schematic diagram and photo of the XRD equipment. (d) Photo of the pick-up tool used for transferring samples between the XRD 
stage and the impact tester.
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0.05. This results in approximately 500 combinations 
in total. The NIMO sequentially collects measured 
data, evaluates it based on the deviation from the 
target temperature profile, and updates the PID para
meters in the direction that minimizes the deviation. 
Assuming the time when the temperature reached 
a certain value (155 °C  in this study) as 0 s and the 
time when the programmed temperature reached the 
target temperature as t s, the deviation is evaluated as 
the integral of the absolute difference between the 
programmed and actual temperatures over 0 to 2t 
s using the trapezoidal rule. For the current optimiza
tion, PHYSBO in NIMO (an optimization tool for 
PHYSics based on Bayesian Optimization) [26] is 
used. An example of such PID optimization for 
a target temperature of 300 °C  and the heating rate 
of 100 K/s is shown in Figure 5. As shown in 
Figure 5(a), the deviation generally decreases with 
increasing trial numbers and significantly low devia
tions are achieved after 18th trial. Figure 5(b–d) 
shows the actual heating profiles during the optimiza
tion process. For the PID settings prior to optimiza
tion (Figure 5(b)), the profile deviated significantly 
from the target heating profile, and an obvious over
shoot is observed. After the search began, the devia
tion gradually converged toward a smaller value. As 
shown in Figure 5, by the 18th iteration after optimi
zation began, the actual profile achieved becomes 
obviously closer to the target ideal profile. Although 
the optimization was repeated up to 100 iterations, 
there was virtually no difference between the profile 
showing the global minimum (25th iteration) and the 
18th iteration. Therefore, it is considered that the 
optimal solution is efficiently reached in approxi
mately 18 iterations, or 1 h. By using this workflow, 
the optimized PID parameters for arbitrary target 
temperatures and heating rates can be achieved in 
the current system.

Figure 6 shows an example of the data achieved by 
the XRD equipment (0° incidence) and the impact 
tester adopted in the current system. A quenched 
and tempered low‑alloy steel after mirror polish is 
used for demonstration. As shown in Figure 6(a), 
a Debye ring of 211α diffraction peaks is achieved. 
The two‑dimensional X-ray detector is divided into 
500 parts with different azimuthal angles φ on the 
detector (step width 0.72°), and the change in X-ray 
intensity is separately recorded. The FWHMs of 211α 
peaks for the different azimuthal angles is then ana
lyzed, and the results are shown in Figure 6(b). The 
values of FWHM for different φ vary due to the het
erogeneity of the tempered martensite microstructure. 
The average FWHM value of the total 500 data points 
is 5.3 degrees in this example, and the variation among 
three repeated measurements of the same sample has 
been confirmed within 0.1 degrees. For the results of 
impact testing, the load vs. displacement curve is 
shown in Figure 6. The raw data are smoothed using 
the Savitzky–Golay method, with a window width of 
10 points (0.2 mm) and a polynomial order of 1. 
A peak of load is observed right after the blade hits 
the sample at a displacement of 334 mm. The highest 
load on the deformation peak is then converted to the 
bending stress using the following equation. 

Where σ is the three-point bending strength, F is 
the maximum load during testing, L is the span length, 
b is the width, and h is the thickness of the sample. 
A bending stress of 2870 MPa was obtained in this 
measurement. The calculated bending stress in this 
study is considered positively correlated but not 
equal to the standardized three-point bending 
strength testing (e.g. JIS Z 2248 or ISO 7438) due to 
the following reason: the impact speed of 1 m/s for the 

Figure 5. A sample of the autonomous PID parameters optimization by NIMO for the induction heating furnace. (a) Changes in the 
deviation between the actual and programmed temperature profiles with different trial numbers. Temperature profiles (b) before 
optimization, (c), (d) achieved for trial numbers 18 and 25, respectively. The target temperature is 300 °C , and the target heating 
speed is 100 K/s. The overall deviation for each trial shown in (a) is calculated by integrating between the absolute difference 
between the programmed and actual temperatures using the trapezoidal rule.
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impact tester adopted in the current system is much 
higher than the standardized tests of 1 mm/s (ISO 
7438). Such a high deformation speed was adopted 
in the current system so that absorption energy 
can be measured during future impact testing. 
Nevertheless, the bending stress achieved in the cur
rent system is used for the comparisons between the 
different processing conditions as mentioned later. 
Furthermore, the absorbed energy during deformation 
can be calculated by integrating the area enclosed by 
the load vs. displacement curve. However, the discus
sion on the absorption energies is not included in 
this study as currently no notch is added to the 
samples. A second peak is observed starting from 
a displacement of 349 mm; this peak corresponds to 
the stopping of the blade when the impact test is 
finished.

The accuracy and the reproducibility of the auto
mated XRD measurement were evaluated using 
a reference specimen of the JIS SCM420H alloy tem
pered at 600 °C for 3600 s. The specimen was repeat
edly picked up, transported, mounted onto the XRD 
stage and measured by the system, with the identical 
measurement and analysis conditions described 

above; the whole sequence was repeated 10 times 
over a period of approximately 2 months. The ring- 
averaged FWHM of the 211α peak obtained in each 
run is plotted in Figure 6(d). The mean value is 2.99 
deg with a standard deviation of 0.04 deg, correspond
ing to a relative standard deviation of 1.3%, and the 
maximum difference is 0.12 deg. These variations, 
which include all the uncertainties arising from the 
repeated transport and mounting operations by the 
robot arm in addition to those of the X-ray measure
ment itself, are generally smaller than the change in 
FWHM induced by the tempering treatments exam
ined in this study as shown later in Figure 7(a). It is 
therefore concluded that the automated handling 
sequence does not introduce a significant uncertainty 
into the measured FWHM, and that the system pro
vides sufficient reproducibility for discussing the effect 
of the processing conditions. On the other hand, rapid 
heating and cooling may induce dimensional changes 
or out-of-plane warping of the strip-shaped speci
mens, which could affect the effective sample-to- 
detector distance and diffraction geometry. The cur
rent XRD stage with the open-top placement geometry 
does not actively compensate for substantial local 

Figure 6. (a) XRD profiles showing 211α peak for the azimuthal angles of every 30 degrees on the detector; a 3D image of the 
corresponding Debye ring is also shown in (a) and the azimuthal angle on the detector, φ, is schematically shown. (b) Analyzed 
FWHM of 211α peaks for different azimuthal angles on the detector. (c) Load vs. displacement curve for impact testing. The highest 
load is considered the bending strength and shows a value of 2870 MPa. The tested sample is a JIS SCM435H alloy austenitized at 
850 °C  for 20 min, water‑quenched and then tempered at 300 °C  for 30 s. (d) Ring-averaged FWHM of the 211α diffraction peak 
obtained from 10 repeated automated transport, mounting, and XRD measurement cycles of the same JIS SCM420H reference 
specimen tempered at 600 °C  for 3600 s. The measurements were conducted over a period of approximately 2 months. The size of 
the error bars is smaller than the size of the data points.
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curvature at the X-ray-irradiated position. For experi
ments involving higher temperatures or more severe 
thermal histories, direct specimen-flatness measure
ments or an additional specimen-height check will be 
conducted in future work.

Python-based programs are developed to control 
the robotic arm and integrated devices via TCP/IP 
connections. The central PC directly controls all 
devices, except the induction heating furnace and the 
impact tester, using dedicated Python packages or 
commands. The induction heating furnace and the 
impact tester are controlled via text commands sent 
from the central PC; server programs on their dedi
cated PCs receive these commands parse them and 
operate the corresponding software or graphical user 
interface (GUI) accordingly.

The program is structured into three layers for 
maintainability and scalability: an orchestration 
layer, a modular layer and a parameter layer. The 
orchestration layer defines the sequences of automated 
experiments, controlling each device through the 
classes and the parameters in the lower two layers. 
For PID optimization, the orchestration layer calls 
NIMO functions to determine the next candidate to 
evaluate.

The control logic of each device is defined as 
a dedicated class in the modular layer, separated 

from the orchestration logic. The parameter layer 
stores motion orders and kinematic parameters, such 
as position, speed, and acceleration, for robotic 
motion. These separations ensure that changes to 
one device do not affect others and that new devices 
can be added without modifying existing code. This 
approach aligns with the SOLID principles [27], 
a well-established set of guidelines for software design.

Experimental data are uniquely identified by uni
versally unique identifiers (UUIDs) and stored in 
structured HDF5 [28] files. Metadata, numerical 
results, logs, and raw data are integrated into 
a unified format for traceability. This data infrastruc
ture is designed to support future machine learning- 
based autonomous exploration.

3. Demonstration experiments and results

Demonstration experiments are performed in this 
study to show the capability and efficiency of the 
current system. High-throughput automated experi
ments are performed to investigate the effect of one- 
and two-step tempering treatments on the mechanical 
properties of a commercial JIS SCM435H alloy. The 
precise compositions of the as-received alloy are ana
lyzed using ICP optical emission spectrometry, and 
the results of alloying elements in mass% are as 

Figure 7. Variations in (a) 211α peak’s FWHM and (b) Bending strength for the one-step tempered SCM435H alloys as a function of 
tempering parameter. The fracture modes of the one-step samples are indicated in (b) by the □ (fractured) and ✕ (non-fractured) 
symbols. (c) Photos of the impact-tested samples with different fracture modes. (d) The relationship between the 211α peak’s 
FWHM and the bending strength for the one-step tempered samples. (e) The variations of the bending strength and the FWHM 
against the manually measured Vickers hardness of the one-step tempered samples. The black line indicates the linear fitting 
results of the bending strength over the Vickers hardness, whose R-square value of the fitting result is 0.975.
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follows: 0.37% C, 1.1% Cr, 0.82% Mn, 0.25% Si, 0.16% 
Mo, 0.027% Al, 0.023% Ni, 0.017% S, and 0.0097% 
N. The as-received alloys are cut into 80 × 40 × 4 mm3 

plates and austenitized at 850 °C for 1200 s in 
a vacuum furnace and quenched in iced water by 
a human researcher to achieve a full martensitic 
microstructure. The samples for the automated 
experiments with a size of 40 × 4 × 1.5 mm3 are then 
cut out by electrical discharge machining. The cut 
surfaces are mechanically polished using 600 to 1500- 
grit emery papers. The polished samples are labelled 
with a laser engraving machine, and their data are 
managed by their experimental IDs. The tempering 
conditions for the automated experiments are deter
mined as 300, 400, 500, and 600 °C with a tempering 
time of 30, 1800 s, and 3600 s for one-step tempering 
(12 conditions in total), as well as the two-step tem
pering conditions of 300 °C 30 s + 600 °C 3600 s, 300 °
C 3600 s + 600 °C 30 s, 600 °C 30 s + 300 °C 3600 s, and 
600 °C 3600 s + 300 °C 30 s. The four two-step temper
ing conditions were selected as a limited proof-of- 
capability for automated multi-stage heat treatment 
rather than as a comprehensive optimization study. 
They combine two representative tempering tempera
tures and two holding times in different orders, 
thereby allowing the influence of the treatment 
sequence to be examined within a small experimental 
set. All one-step and two-step samples were processed, 
characterized, and mechanically tested using the same 
automated workflow to enable a direct comparison 
without changing the sample-handling or measure
ment procedures. Although these four conditions 
could also be examined by conventional manual 
experimentation, their automated execution demon
strates a prerequisite for future exploration of substan
tially larger and more complex multi-step heat- 
treatment spaces. SEM electron backscatter diffraction 
(EBSD) characterization of two representative one- 
step-tempered specimens, 300 °C 3600 s and 600 °C 
3600 s, is further manually performed using a field 
emission SEM (JEOL 7001F) operated at 15 kV with 
a probe current of 5 nA. The step width of the EBSD 
was 50 nm, and the results were analyzed using the 
TSL OIM Analysis 7 software.

In this study, the heat‑treatment conditions are 
categorized based on the tempering parameter (TP) 
and calculated using the following equations, reported 
by J.H. Hollomon and L.D. Jaffe [29].  

In Equation 2, TP represents the tempering para
meter, and T represents the absolute temperature. An 
X-ray exposure time of 15 s is applied for the XRD 

measurement of the 211α peak’s FWHM. The camera 
length of the X-ray analyser is calibrated each day so 
that the measured lattice constant matches the exact 
value of 0.28664 nm for α phase achieved by a separate 
XRD analysis, using a standard sample of JIS 
SCM420H alloy tempered at 600 °C for 3600 s (fully 
tempered martensitic microstructure). In addition, no 
retained austenite is detected for all the heat-treated 
samples in this study. For the verification of the XRD 
and impact testing results, the microhardness of the 
one-step heat-treated samples is determined using 
a Vickers microhardness tester (MATSUZAWA 
AMT-X7AFS-TU) with a load of 1 kgf.

Figure 7(a,b) shows the measurement results of the 
211α peak’s FWHM and bending strength for the one- 
step tempered SCM435H alloys. The FWHM and the 
bending strength of the one-step tempered specimens 
decrease monotonically with increasing TP. The frac
ture modes of the one-step samples during impact 
testing are shown in Figure 7(b) and indicated by the 
□ (fractured) and ✕ (non-fractured) symbols. The 
samples generally become more ductile with increas
ing TP, and the samples tempered with relatively 
longer periods do not fracture into two pieces but 
deform into a V-shape corresponding to the impacting 
blade. The actual photos of the impact-tested samples 
with different fracture modes are shown in Figure 7. 
Figure 7 shows the relationship between the 211α 
peak’s FWHM and the bending strength. The mea
sured FWHMs show a positive correlation with the 
bending strength. According to the Williamson–Hall 
relationship [30], the increase in dislocation density 
and the decrease in grain size will increase the width of 
the X-ray diffraction peaks, thus contributing to 
strength through dislocation strengthening and grain 
refinement. Since identical measurement and analysis 
conditions were used for all specimens, the relative 
changes in FWHM can be compared among the dif
ferent tempering conditions. Therefore, for the one- 
step tempered samples in the current study, non- 
contact, non-destructive strength estimation could be 
possible with the current system once the relationship 
between strength and FWHM is established. However, 
the present measurement of a single diffraction peak 
does not allow the individual contributions from dis
location structures and microstructural length scales 
to be quantitatively separated. Finally, Figure 7(e) 
shows the verification of the accuracy for the bending 
strength and the FWHM of the 211α peak. The bend
ing strength measured in the automated experiments 
correlates linearly with the hardness of the specimens. 
The black line in Figure 7(e) indicates the linear fitting 
results of the bending strength over the Vickers hard
ness, showing a relationship of bending strength =  
(4.282 ± 0.218)*hardness + (436.11 ± 94.55) MPa, 
with an R-square value of 0.975. Furthermore, 
a positive correlation is observed between the 
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FWHM of the 211α and the hardness, similar to the 
bending strength. Therefore, it is clear that the current 
system enables strength evaluation with a level of 
accuracy comparable to that achieved by human 
measurement.

Figure 8 shows the representative SEM-EBSD 
results of the specimens tempered at 300 °C and 600 
°C for 3600 s for the comparison of the tempered 
martensitic microstructures. According to the EBSD 
results, the 600 °C 3600 s tempered sample shows 
a relatively larger average grain size, and a lower 
value of kernel average misorientation (KAM) value 
corresponds to a lower dislocation density in the 
microstructure. Such a difference in the tempered 

microstructure is directly related to the lower 
FWHM measured by the XRD. Further characteriza
tion using multi-peak X-ray line-profile analysis, 
EBSD, and TEM will be required to quantitatively 
determine the respective contributions of dislocation 
density, crystallographic length scale, recovery, and 
carbide precipitation, but it is beyond the scope of 
the current study.

For the automated experimental results of the two- 
step tempered samples, Figure 9(a) shows the compar
ison of their bending strength against the correspond
ing one-step samples. Regarding the TP for a two-step 
tempering process, it is calculated using the method 
mentioned in [31], where the heat treatment for 

Figure 8. SEM-EBSD results of two representative one-step-tempered specimens, (a) at 300 °C for 3600 s, and (b) at 600 °C for 30 s.

Figure 9. Comparison between one-step and two-step tempered samples: (a) relationship between bending strength and 
tempering parameter, and (b) relationship between the FWHM of the 211α peak and the bending strength. The schematic 
diagrams of the two-step conditions of 600 °C  30 s + 300 °C  3600 s and 600 °C 3600 s + 300 °C 30 s are plotted in (a).
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the second step is converted to the effective time at the 
processing temperature of the first step. For the JIS 
SCM435 alloy, it is reported that the hardness 
decreases monotonically with increasing tempering 
temperature and time for the one-step tempering 
[23], and no reports of secondary hardening can be 
found. In the current study, however, compared with 
the relationship between the bending strength and TP 
for the one-step samples, the two-step samples of 
600 °C 30 s + 300 °C 3600 s, 300 °C 3600 s + 600 °C 30 
s and 600 °C 3600 s + 300 °C 30 s show a deviation 
towards higher strength with an amount of 10–20  
MPa, while the condition of 300 °C 30 s + 600 °C 3600 
s shows almost no difference after the two-step tem
pering. The condition of 600 °C 30 s + 300 °C 3600 
s shows the highest hardening in comparison with 
the one-step tempering, although naturally its strength 
should be lower than the 600 °C 30 s one-step samples 
due to its longer tempering time. This unusual phe
nomenon of secondary strengthening induced by two- 
step tempering has rarely been reported, but revealing 
its detailed strengthening mechanism is beyond the 
scope of the current study. The automated experimen
tal results of bending strength and the FWHM of the 
211α for the two-step tempered samples are plotted 
against the one-step tempered samples, as shown in 
Figure 9(b). Compared with the one-step samples, in 
which the measured FWHM is positively correlated 
with the bending strength along a single curve, some 
of the two-step samples exhibit a clear deviation from 
the trend and exhibit higher bending strength. The 
observed excess strengthening of the two-step samples 
appears undetectable to the current XRD. This indi
cates that a different balance between dislocation 
strengthening and grain refinement or additional pre
cipitation hardening may exist. Additionally, the load– 
displacement curves for the one-step and two-step 
samples in the current study are shown in 
Supplementary Material S3. For the two-step samples 
of 300 °C 3600 s + 600 °C 30 s and 600 °C 30 s + 300 °
C 3600 s, the deformation stops earlier during the 
impact test before the impact blade hits the stopper. 
This means that the absorption energy during defor
mation for the two-step samples is significantly 
improved compared to the one-step samples and is 
beyond the load ability of the current impact tester. 
Therefore, the two-step heat treatments performed in 
this study could have the potential to improve the 
strength-to-toughness balance of the tempered alloys 
although the detailed investigation of the underlying 
mechanism remains a task in future.

The automated experiment system for structural 
metallic materials developed in the current study can 
perform one full set of experiments for a single sample 
within 800 s (excluding the heat treatment). This value 
should be distinguished from the effective steady-state 
throughput of the overall workflow, as it is inherently 

limited by the longer duration of the heat‑treatment 
process. Scheduling optimization and intermediate sam
ple buffering can improve equipment utilization by 
allowing the heat treatment of one sample to overlap 
with the characterization, mechanical testing, or recovery 
of another sample. To support such operation, the soft
ware framework is being updated for the parallel proces
sing of multiple samples, and three strategically 
positioned sample-buffering stages have already been 
installed in the system. Nevertheless, because the current 
compact configuration contains only one furnace, one 
XRD unit, one impact tester, and one robot arm, opera
tional overlap alone cannot eliminate the serial bottle
necks. For the long-holding-time conditions considered 
in the current study, the achievable reduction in the 
effective cycle time through such overlap is expected to 
be only on the order of 10 min per sample. Substantial 
further increases in throughput would therefore require 
hardware parallelization, particularly the installation of 
additional furnaces and, depending on the experimental 
conditions, additional characterization or testing units. 
Such expansion would need to be balanced against the 
compact footprint and cost advantages of the present 
platform. Future work will therefore combine algorithm- 
based scheduling with sample buffering to improve 
resource utilization within the current configuration, 
while also evaluating hardware parallelization for higher- 
throughput autonomous exploration.

The current system has the capability to conduct 
autonomous exploration of the process–structure– 
property relationship in the near future. The autono
mous closed-loop cycle will become possible with the 
help of NIMO (AI optimization). At a given processing 
condition, performing PID optimization, and conduct
ing heat treatment, the microstructural information and 
mechanical properties can be automatically achieved, 
and the next heating conditions to be explored will be 
provided by the NIMO based on that information. To 
further pursue the optimized two-step tempering pro
cess, it is possible to perform Bayesian optimization of 
the two temperatures and two heat‑treatment times, 
targeting an optimized improvement over the mechan
ical properties relationship obtained for the one-step 
treatments. Such experiments for the optimization of 
the two-step tempering process are now in progress, 
and results will be included in a future publication. 
Furthermore, since structural information is obtained 
during the optimization, it is possible to discuss the 
unique characteristics of two-step heat treatment in 
terms of the relationship between process conditions 
and structure, as well as the relationship between struc
ture and properties.

4. Conclusion

In the present study, an automated experimental sys
tem for the process–structure–property relationship 
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evaluation of structural metallic materials is designed 
and established. The automated experiments are rea
lized through integrating a robot arm with an induc
tion heating furnace, an X-ray diffractometer, and an 
impact testing machine. Devices and tools for a robot 
arm to handle, such as an automated sampling feeder, 
are specially designed in order to overcome the diffi
culties of handling bulk samples. The characterization 
process for XRD and mechanical testing can be fin
ished within 800 s for 1 sample. The automated auton
omous optimization of PID parameters for the 
induction heating furnace is realized with the help of 
NIMO. Demonstration experiments on the tempering 
of a JIS SCM435H alloy are performed. For the one- 
step tempered samples with different tempering para
meters, the achieved data on 211α peak’s FWHM and 
the bending strength positively correlate with each 
other, and the measured bending strength is linearly 
proportional to the hardness measured by a human 
researcher. The limited explorations of four two-step 
tempering conditions performed in this study con
firmed that the system can execute sequence- 
dependent multi-stage heat treatments and provide 
exploratory indications that the multi-step tempering 
may deviate from the process–structure–property 
relationships established for one-step tempering. 
Such demonstration motivates future autonomous 
exploration of a broader multi-step heat-treatment 
parameter space. The current system is capable of 
realizing autonomous exploration in the future by 
incorporating AI optimization, and the exploration 
of multi-step tempering of steels will be conducted.
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