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Understanding the temperature-dependent mechanical properties of metallic alloys is essential for informed
engineering design. However, conventional elevated temperature tensile testing is costly, time-consuming, and
inefficient. This paper introduces a novel, rapid, and accurate approach for characterizing these properties using
a specially designed test sample — MAPS that works at the intersection of full-field optical strain and thermal
measurements, and machine learning (ML). The MAPS sample is engineered to exhibit a controlled temperature
gradient across its surface, enabling simultaneous acquisition of strain and thermal data at multiple temperatures
in a single test. A finite element twin of the MAPS sample is used to generate synthetic training data based on
known alloy properties. A Multi-Layer Perceptron (MLP) model is then trained to infer full-field stress distri-
butions from experimental strain and temperature data, allowing the derivation of stress—strain curves across a
range of temperatures for novel alloys. The proposed MAPS methodology was validated against conventional
dogbone tensile tests conducted on four diverse materials — AA6061-T6, SS301-H12, SS304 and 15-5PH steel.
The approach shows good generalizability across material families, showcasing its potential to revolutionize
high-throughput temperature-dependent mechanical testing by enabling faster, more cost-effective material
characterization for advanced engineering applications.

1. Introduction

Metals are extensively used in high-temperature applications across
various industries, such as aerospace, automotive, and power genera-
tion. Metallic alloys are specifically engineered to withstand extreme
heat while maintaining their structural integrity and performance.
However, the critical mechanical properties of metals such as Young’s
modulus, yield strength, tensile strength and ductility are known to
change at elevated temperatures. Understanding their behavior at high
temperatures is crucial for material selection, design, and
manufacturing to ensure optimal performance throughout their service
life.

The global testing standards like ISO 6892-2 [1], EN 2002-002 [2],
and ASTM E21 [3] provide guidelines for conducting elevated temper-
ature tensile tests on metallic materials. According to the test standards,
high temperature uniaxial tension testing is performed by pulling a
dogbone sample on a specialized setup which requires a furnace
mounted on a load frame [4,5]. This approach suffers from various
problems: (i) multiple repeats need to be performed for every desired

temperate level which makes the process cumbersome and inefficient,
(ii) clip-on extensometers are challenging to use at high temperatures,
impeding accurate strain measurement, (iii) non-uniform temperature
distribution on the sample leads to variance and high scatter in the
measured properties, (iv) maintaining precise temperature control
within the tight tolerance specified by the test standards (e.g. + 3 °C for
temperatures up to 980 °C in ASTM E21) can be difficult, especially at
high temperatures. Some researchers [6,7,8] have used custom experi-
mental setups by employing convective ovens with a glass window
cutout enabling non-contact strain measurements using digital image
correlation (DIC). Such setups have addressed some of the issues in the
test standards, but the testing process remains cumbersome and ineffi-
cient. These challenges highlight the ongoing need for an improved
testing setup that can support rapid material characterization yet ensure
accurate and consistent results to enable quick decision-making during
the design process.

The advent of machine learning (ML) has created a paradigm shift in
almost every industry, and material testing and modeling is no excep-
tion. Machine learning has enhanced materials research by automating
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data collection, analysis and interpretation of test data, recognizing
patterns and accelerating finite element (FE) simulations. [9,10] have
used nanoindentation-based experimental results coupled with FE sim-
ulations and ML to predict the stress—strain behavior of metallic alloys.
[11,12] used a type of feedforward neural network known as a Multi-
Layer Perceptron (MLP) to model the stress state dependent fracture
behavior of a DP800 steel and AA7075.[13] attempted to estimate the
stress-strain curve and r-value of an aluminum alloy using a convolu-
tional neural network on synthetically generated crystallographic im-
ages. [14] used deep neural networks with physics-informed feature
engineering and physics-informed loss functions to model the creep-
fatigue life of 316 stainless steel at elevated temperatures. [15] used
machine learning to study the composition design and wear behavior in
Al-Cr-Co-Fe-Ni based high entropy alloys.

In the context of high-temperature testing, many researchers have
investigated the use of machine learning techniques to model and fit
experimental stress-strain curves. In the last decade, several researchers
[16,17,18,19,20,21] have shown that ML based models like Artificial
Neural Networks (ANNs), Support Vector Machine (SVM), Decision Tree
Regression (DTR), and Random forest Regression (RFR) models perform
better than the traditionally used polynomial constitutive equations for
capturing the temperature and strain dependent stress-strain behavior
of metallic alloys while also eliminating the need to calculate a large
number of material constants associated with constitutive equations.
Most of the existing studies primarily employ machine learning in ma-
terial data modeling and fitting stress—strain curves obtained through
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conventional testing techniques. [22] proposed a numerical-
experimental method of measuring properties of 12% Cr steels at
elevated temperature using digital image correlation and simultaneous
thermal measurements. They used temperature gradients on a dogbone
like sample to estimate the Young’s modulus at a range of temperatures.
However, the approach was limited to elastic properties and tested on
one material only.

This study presents a rapid and accurate approach to high-
temperature tension testing by integrating advanced optical
metrology, finite element analysis and machine learning to produce
elastic and plastic properties of metals. We propose a unique sample
geometry, MAPS that, when coupled with full-field strain and temper-
ature measurements, enables rapid characterization of new materials
over a wide range of temperatures by performing inverse analysis using
machine learning. The following sections of the paper present the details
about the test sample geometry and testing methodology followed by the
finite element twin and the development of a machine learning model to
demonstrate the MAPS concept. Finally, we validate the testing
approach and the ML model on real experimental data for four diverse
alloys.

2. Experimental program
2.1. Materials

The testing technique is designed to work with any metal, especially

05—
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Dimensions marked with * are non-critical and may vary within +1.0mm

Fig. 1. MAPS test sample geometry.
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different grades of steels, aluminum, titanium and nickel alloys. In the
scope of this paper, we demonstrate the method using experimental
results for four sheet rolled materials: 4.0 mm thick AA6061-T6, 2.6 mm
thick SS301-1/2 hard, 3.0 mm thick SS304 and 3.2 mm thick 15-5PH
steel.

2.2. Sample geometry

The test sample (shown in Fig. 1) is specially designed to allow
measurement of thermo-mechanical properties (Young’s modulus, yield
strength, ultimate tensile strength and elongation) of metallic alloys.
The test sample was designed with several key features to enable
comprehensive thermo-mechanical characterization. It facilitates full-
field optical strain measurements through digital image correlation
(DIC), as well as full-field temperature mapping via infrared (IR) im-
aging. The geometry of the sample is engineered to produce a controlled
temperature gradient across its surface, resulting in locally varying
stress concentrations during mechanical loading. To ensure consistent
and interpretable results, the sample exhibits mirror symmetry about its
vertical axis. The design is compatible with a wide range of metallic
alloys, including those produced through rolling, casting, forging, and
additive manufacturing. Fabrication is straightforward, utilizing com-
mon techniques such as waterjet cutting and conventional machining.
Furthermore, the sample is suitable for testing on electro-mechanical or
servo-hydraulic load frames equipped with standard wedge grips. To
minimize material usage, the test sample was designed with a compact
footprint measuring 100 mm x 100 mm.

2.3. Test setup

2.3.1. Load frame

The MAPS approach is carefully designed to work with any standard
load frame with appropriate load capacity and mounting grips. For this
study, the tests were performed on an MTS servo-hydraulic load frame
with a 50 kip (222 kN) static load cell capacity. The machine was
equipped with hydraulic wedge grips to mount the test sample. The jaws
on the grips were 1.5" (38 mm) wide, and the grips were provisioned
with water cooling to protect the load cell and grips from overheating
and obtaining a temperature gradient on the test sample.

2.3.2. Heating
The test sample was heated symmetrically using 4 cartridge heaters
— aset of 2 mounted on each side at the heating tabs located at the top of

Fig. 2. Schematic showing the cartridge heater enclosures mounted on the
test sample.
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the test sample as shown in Fig. 2 and Fig. 3. The cartridge heaters had a
diameter of 0.375" and were placed inside a custom-built enclosure for
easy mounting on the test sample. The heaters had a capacity of 560
Watts (240 V) and were able to heat the test sample to a peak temper-
ature of 600 °C. The heaters had a built-in K-type thermocouple and
were controlled by a closed feedback on/off type (binary) temperature
control to ensure precise temperature control with a maximum over-
shoot of 5 °C at the peak temperature. The control unit allowed each pair
of heaters (left and right) to be individually controlled to compensate for
any misalignments and ensure a symmetric temperature profile on the
test sample.

2.3.3. Strain measurements

The MAPS test sample was painted with a black and white speckle
pattern on one side (Fig. 4). The full-field strain measurements were
performed using a high resolution 12-megapixels stereo DIC system
monitoring the speckle pattern, and the recorded images were processed
using the commercial DIC software VIC-3D. The DIC system was cali-
brated using the etched panels provided by Correlated Solutions. The
manufacturer’s recommended calibration process was followed. Using
this process, the system locks in the position of the left and right cameras
and determines the intrinsic camera parameters (like camera angle,
calibration deviation, stereo residual, etc.). The relevant DIC hardware
parameters are provided in Table 1.

Static noise-floor analysis was performed for the proposed DIC setup
and processing parameters. The results showed that average error (lower
bound of the noise) was in the order of 0.0005 effective strains with the
maximum error being 0.001. The observed error is later used in Section
4.2 for injecting noise in the training data to improve the robustness of
the ML model.

Virtual strain gauge study was performed on a MAPS test sample to
assess the strain convergence and determine the facet size, step size and
strain filter size, which are reported in Table 2. The study confirmed that
the strains converge with the mentioned DIC parameters.

2.3.4. Thermal measurements

The thermal measurements were performed using a Teledyne FLIR
A700 Infrared (IR) camera. The camera was pointed on the back side of
the sample. The back of the test sample was painted with a black paint
with calibrated emissivity for accurate temperature measurements. The
relevant IR camera parameters are provided in Table 3. A static image of
a known length was used to calibrate the length scale of the IR camera
and find its spatial resolution.

2.3.5. Synchronization between signals

Using an 1/0 box, the force measured by the load cell was converted
into a 10 V analog signal and sent to the DIC system in real-time. At the
start of the test, the DIC system and the thermal cameras were config-
ured to start recording at the same time. This integration ensured a
synchronization among the force, strain and temperature measurements
from the three different sources.

The test setup is shown in its entirety in Fig. 3.

2.4. Test procedure

First, the MAPS sample with the attached cartridge heaters was
mounted on the grips. The grip-to-grip separation at the start of the test
was set to 60 mm. When the grips were closed, the test frame was
switched to load control to maintain near zero axial load on the test
sample.

Next, the heaters were switched on and allowed to reach the set
temperature. The temperature on the controller was set to ramp at 50 °C
per minute so that the temperature profile on the sample reaches steady
state in 8-12 min. The test frame was kept in load control mode during
this step to allow for thermal expansion while ensuring no axial forces on
the test sample. The thermal profile of the test sample was monitored in
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Fig. 3. Front view of the test setup with the MAPS test sample with attached heaters mounted in the grips and the DIC cameras pointed towards the speckle painted
side. Back view with the thermal camera pointed towards the black painted side of the sample.

N (,/

Front

Painted with speckle pattern
for DIC measurements

Back
Painted in black for thermal
measurements

Fig. 4. Front and back side of MAPS sample.

Table 1

DIC hardware

Camera

Lens

Aperture

Lighting

Image Acquisition Rate
Image Resolution

Field of View

Spatial Resolution
Measuring Distance

Basler 12 megapixels
Basler 35 mm

/8

Blue LED

Variable (25 Hz-5 Hz)
4128 px x 3008 px
90 mm x 65 mm

22 pm/pixel

280 mm

Table 2

DIC analysis parameters

Facet size

Step size

Strain filter size

Virtual Strain Gauge Length
(VSGL)

Matching criterion

Interpolation

Tensor type

Facet Matching

Pre-filtering
Post-filtering
Software

25 pixels
5 pixels
5

~1 mm

Normalized squared differences

Optimized 8-tap spline

Hencky (Logarithmic)

Combination of reference stage and incremental
correlation

Low pass filter on images

None

Correlated Solutions VIC-3D

real time using an infrared (IR) camera. Minor adjustments to the heater
temperatures were made to achieve a symmetric thermal distribution
across the left and right halves of the sample. To verify symmetry,
temperatures at geometrically mirrored locations were compared.

Table 3

IR camera parameters

Camera Teledyne FLIR A700
IR Lens f =18 mm (24°) F/1.0
Resolution 640 px x 480 px

Field of View 100 mm x 75 mm

Spatial Resolution 156 um/pixel
Measuring Distance 225 mm
Temperature Scale 0-650 °C
Paint Emissivity 0.93

Software FLIR Research Studio

Mechanical testing was initiated once the steady-state thermal condition
was reached, defined by a temperature variation of less than 5 °C be-
tween the left and right halves of the sample.

Once the temperature on the test sample stabilized, the test was
started. The crosshead was set to move at a constant speed of 0.1 mm/s
pulling the sample at quasi-static strain rate. The DIC system recorded
the deformation history with a variable acquisition rate — a higher frame
rate of 25 Hz for the first 8 s followed by a slower rate of 5 Hz till the
fracture. A higher acquisition rate at the beginning of the test is required
to obtain sufficient data points in the elastic regime of the stress—strain
curves. In the case of materials with high ductility, the test was stopped
at a maximum crosshead displacement of 16 mm.

The MAPS experimental program is designed to cover a wide range of
temperatures simultaneously in a single test with redundancy. Since
each MAPS test provides data for a wide range of temperatures, only a
few tests are sufficient to generate the entire spectrum of stress—strain
curves with good certainty. Tests conducted at various heater temper-
atures result in overlapping temperature ranges. For instance, a test at
100 °C will encompass temperatures from room temperature (RT) to
100 °C, while a test at 200 °C will cover temperatures from RT to 200 °C.
Consequently, the predicted data for RT to 100 °C is duplicated across
both samples, providing redundancy in the measurements. This feature
ensures repeatability in test measurements without the need to perform
repeated tests at the same temperature. For this study, the tests were
conducted with the heaters set to 25 °C, 150 °C, 250 °C, 350 °C, 450 °C
and 600 °C.

2.5. Test data

In this section, we briefly present the test data which consists of a
series of DIC generated full-field strain-contour maps, a series of
temperature-contour maps and the force vs. displacement plot for the
test.

2.5.1. Set of full-field strain-contour maps
The speckle images were processed using DIC analysis parameters
given in Table 2 to obtain the components of the planar strain tensor (e,



A. Agha et al.

ey and eyy) at each facet center/node. Since the crosshead displacement
recorded by the testing machine includes elastic deformations from
components in the load path—such as grips, fixtures, and the machine
frame—it does not accurately represent the true local deformation of the
specimen. To obtain a more reliable measure of local strain, a virtual
extensometer with a gauge length of 35 mm was defined directly on the
gauge section of the sample. The resulting force-displacement data was
used to validate the finite element (FE) model described in Section 3.2,
and for the elasticity MLP model described later in Section 4. The
extensometer length was selected arbitrarily but kept consistent across
the FE and experimental datasets to ensure comparability. A sample
major strain-contour map with the 35 mm virtual extensometer at a
displacement of 12 mm is shown in Fig. 5.

As the MAPS sample deforms, the 6 horizontal members start
rotating with plastic strain accumulation on the end of each horizontal
member near the fillet, and only elastic strains in the rest of the test
sample. To investigate the stress state on different sections of the sample,
the strains were used to calculate the stress triaxiality. Stress triaxiality
is a scalar function of the strain ratio and helps in understanding the
stress state [23,12]. A stress triaxiality value of 0.33 denotes uniaxial
tension, 0.577 denotes plane strain, 0.667 denotes balanced-biaxial
tension, 0 denotes shear and negative values represent the state of
compression, and triaxiality values between these indicate mixed
loading. The stress triaxiality map shown in Fig. 6 also shows that the
regions with the highest strain concentration are under uniaxial tension.
The observed behavior is consistent with the beam bending theory and
shows a pair of uniaxial tension (yellow) and compression (blue) at the
fillet of each horizontal member.

2.5.2. Set of temperature maps

The thermal profile of the test sample was recorded for the entire
deformation history. A sample image for a MAPS test at 250 °C is shown
in Fig. 7. As per the design requirement, there is a temperature gradient
on the test sample with each horizontal member (from top to bottom) at
a different temperature. Due to the symmetry built into the test sample
and the heater setup, the temperature profile in the left half is similar to
the right half. The measurements show that the temperature profile stays
consistent during the deformation, and the temperature values stay
within 5 °C from beginning to the end of the test.

2.5.3. Force vs. displacement plot

The force recorded by the load frame and the displacement obtained
from the 35 mm virtual extensometer constitutes the third important
output from the test. Similar to a conventional stress—strain curve for
metals, the force-displacement response of a MAPS sample begins with a
linear region, followed by transition to nonlinear region that signifies

it
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Fig. 5. Full-field strain-contour map generated by DIC overlayed on the image
of a speckle painted MAPS sample, and the 35 mm extensometer drawn in the
center of the sample.

Materials & Design 261 (2026) 115307
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Fig. 6. Stress triaxiality map showing the localized stress state for various lo-
cations on the MAPS sample.

Fig. 7. Temperature-contour map obtained by IR Camera showing a MAPS
sample heated to a peak temperature of 250 °C.

the onset of plastic deformation. A sample Force-Displacement plot for
MAPS test is shown in Fig. 8.

A DIC generated video of a MAPS test showing effective strain and
temperature distribution on a AA6061-T6 sample at 300 °C heater
temperature is provided.
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Fig. 8. Sample force vs. displacement plot for a MAPS test.
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3. Finite element twin

This section presents the finite element model twin of the MAPS test
sample. The goal of the FE analysis was to generate synthetic training
data sets of strain, temperature, force-displacement and stresses.

3.1. FE model development

A half-symmetry FE model of the MAPS sample was developed in
ANSYS 2024 R2 to mimic the test conditions and obtain training data for
the ML model. The model was meshed (30452 elements, 53,884 nodes)
using Tet10 solid elements of size 2.0 mm and 0.5 mm with finer mesh at
the areas of interest on the horizontal members. The thermal analysis
employed SOLID291 elements, with the heating zone surfaces assigned
elevated temperatures (set as a parameter in the simulation), while the
top and bottom grip regions were maintained at 25 °C to simulate
ambient conditions. The resulting temperature distribution from the
thermal step was imported as a body load into the subsequent structural
analysis, which utilized SOLID187 elements. In the structural step, the
top grip surfaces were constrained with fixed boundary conditions, and
a displacement was applied in the negative Y-direction to the bottom
grip surfaces to simulate uniaxial loading. Fig. 9 shows the mesh, and the
boundary conditions for the steady-state thermal and the subsequent
static structural step of the simulation.

Temperature-dependent stress—strain curves were provided as an
input to the MAPS FE simulation. The curves were either taken from
literature [24,25,12,26] or were generated in-house using standard
dogbone testing. All the curves were converted to true stress-plastic
strain curves and extended using Swift law defined below:

6 =0y +Ke" (€D)

MAPS FE data was generated for 12 materials (6 aluminum alloys and 6
steel variants) explained in greater detail in Section 4.2.

[l Temperature: 600. °C
[B] Temperature 2: 25. °C

A
RIS

’ N
RAS

Mesh

Steady-State Thermal
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3.2. Verification of FE model with experiments

In order to ensure that the FE generated data is in agreement with the
experimental data, a thorough verification of the FE model was per-
formed. Two quantities were compared: (i) Experimental vs. FE gener-
ated force-displacement profile, (ii) DIC strain vs. FE strain
accumulation with time.

There are various factors which can significantly affect the FE model
performance and cause mismatch with the DIC strains and force-
—displacement behavior. Some sources of error in the experiments and
FEA and steps taken to mitigate them are described below.

First, the strain computation in DIC involves filtering and smoothing
which results in differences in local strain behavior and noise levels. A
smaller subset size, step size and filter size allow for very localized
strains, but is prone to higher noise and increased uncertainty, whereas
larger values for them means that strains are averaged over a larger area
which reduces the noise but also loses the resolution for local strains. To
mitigate this issue, the spatial resolution, subset size, step size and filter
size were appropriately selected to match the Virtual Strain Gauge
Length (VSGL) with the FE mesh size.

Second, discrepancies can arise from differences in the spatial loca-
tions used for data extraction in DIC and FEA. To standardize the data
extraction process, a script was written to enable automated data
extraction by selecting and averaging the nodal data lying within a circle
of diameter 1 mm centered at the corner of the fillet. Fig. 10 shows the
locations of the 6 highly strained regions on each horizontal member;
and the FEA nodes, DIC subset centers lying inside the 1 mm circle
(horizontal member 3, area 2 shown for example) that are selected for
data extraction and modeling.

Third, while DIC provides only the in-plane components of the strain
tensor (gy, €y and &yy), the FE model yields a full 3D strain tensor with six
components. To keep the strain computation consistent across the two
sources, the out-of-plane components of the FE strain tensor (e, €y, and
€x,) Were discarded, and the planar components were used to calculate

[A] Remote Displacement
[BJ Fixed Support

Static Structural

Fig. 9. FE mesh and boundary conditions for steady state thermal step followed by the static structural step.
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Fig. 10. Map showing the locations of the highly strained regions at the corner of the fillet on each horizontal member; FEA nodes and DIC subset centers inside a 1

mm diameter circle that were selected for data extraction.

the principal stresses (¢; and e3) which were used to calculate the
principal strains and then the von Mises equivalent strain (gyy) using the
Eq. (2) given below. The equation was obtained by plugging the volume
constancy law g3 = 0 - (e; + &) in the von Mises equivalent strain
equation.

m:% €2 +eltee ()]
Additionally, VIC-3D uses a triangle-based strain tensor computation
which is a different from the strain computation method used in ANSYS.
Matching finite element analysis (FEA) strains with digital image cor-
relation (DIC) strains presents a significant challenge due to the funda-
mentally different computational approaches underlying each method.

MAPS 15 test for 4.0 mm AA6061-T6 at room temperature

14000
12000

10000

Force (N)

—— Experiment
2000 FEA

Digplacemgnt (35m'7'n GL) [1711?71] =

DIC vs. FEA

FE solvers calculate the strains at the Gaussian points while DIC solves
for surface strains. These inherent differences cannot be fully removed;
therefore, several strategies were employed to mitigate their impact.
Various element types—including solid and shell elements, as well as
quadrilateral and tetrahedral meshes—were evaluated against DIC
measurements and the Solid tetrahedral elements were found to give
results closest to DIC strains. Additionally, mesh refinement was
explored, and a solid mesh with a 0.5 mm element size yielded the
closest agreement with DIC data. Finer meshes enhance the spatial
resolution of strain fields by increasing the number of elements and
integration points, thereby improving the accuracy of surface strain
interpolation compared to coarser meshes.

The ability to reliably measure small strains with reliability is a well-
known challenge for DIC. To minimize this risk, a high-resolution stereo

< 6% error
0.2¢ L1IA2 @ 25°C "
0.18 5
£ .
8 &
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Fig. 11. Top — Location on the MAPS sample used for data extraction from DIC and FEA — Horizontal member 1 (L1) and Area 2 (A2). Bottom Left — Comparison of
Force-Displacement plot. Bottom Right- Comparison of effective strains from DIC and FEA.
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DIC system was used to achieve a high spatial resolution of 22 um/px. In
addition, the tests were run with variable frame rate with a high image
acquisition rate (25 Hz) at the start of the test to obtain more data points
(>100 frames) in the elastic regime.

Finally, the force needed to deform the sample is sensitive to the
width of the horizontal members and the fillet radius. Hence, it is
important to understand and control the geometric variation in the test
sample dimensions using tight machining tolerances, shown in Fig. 1.

Fig. 11 shows the comparison plots for the FEA vs. experimentally
measured quantities for a MAPS test performed on 4.0 mm thick
AA6061-T6 MAPS sample tested at room temperature. The Force vs.
displacement curves from FEA and experiment have an excellent match
with minimal deviation. The average effective strain inside a 1 mm
diameter circle (method of node selection is detailed in Fig. 10) was
compared for all the horizontal members. The comparison for the top
horizontal member (L1), area 2 (A2) from DIC and FEA is shown as an
example in Fig. 11. A good agreement is observed between the corre-
sponding locations on the sample left and right (DIC-L and DIC-R)
showing symmetric deformation in the sample. A good agreement is
seen between FEA and DIC results with a 6% average error between the
effective strain values.

4. Machine learning model

The objective of the machine learning model is to establish correla-
tions between strain and stress across varying temperatures. These re-
lationships are inherently dependent on both the MAPS sample
geometry and the material-specific behavior. The degradation of me-
chanical properties—particularly the reduction in strength at elevated
temperatures—varies significantly across and within material families.
For instance, aluminum alloys exhibit a more pronounced drop in yield
strength at 250 °C compared to steel alloys under the same thermal
conditions. This reduction in strength directly influences the force-
—displacement response observed in MAPS experiments.

The model is designed to interpret the global force measured on a
MAPS sample and decompose it into contributions from different ma-
terial segments on the horizontal members, each experiencing distinct
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local temperatures. In essence, it aims to resolve the spatially distributed
material response under thermal gradients, enabling a prediction of
stress based on localized strain-temperature interactions.

In this section, we present a simplistic ML-based model and predict
the stresses corresponding to the strain and temperature pairs. We
employ a type of feedforward neural network known as a Multi-Layer
Perceptron (MLP) to demonstrate the concept.

While DIC measurements are widely accepted for full-field strain
measurements, it is well established that their reliability remains limited
in the elastic regime — particularly for determining the Young’s modulus
[27,28,29]. The small strain magnitudes of elastic deformation (typi-
cally in the range of 0.001 to 0.0025 for metals) are close to the sensi-
tivity threshold of DIC systems, making them susceptible to noise, and
environmental disturbances such as thermal fluctuations.

In our study, we observed that the static noise floor of the DIC setup
was approximately 0.001 strains, which significantly compromises the
signal-to-noise ratio (SNR) and undermines the reliability of elastic
strain measurements. This limitation directly affects the accuracy of
elastic modulus predictions. While our plasticity-focused machine
learning model operates effectively on localized strain data from the 12
highly deformed regions on the MAPS sample, using these regions to
infer elastic properties such as Young’s modulus is inherently prob-
lematic. To address this challenge, we propose a novel approach that
bypasses the use of local strain data by incorporating the 35 mm two-
point extensometer, which offers superior SNR and more robust elastic
property predictions. Therefore, we split the ML modeling approach into
a Plasticity MLP model and a separate Elasticity MLP model.

Both the MLP models were trained using FE-generated synthetic data
and then used for predicting stresses in the experimental data. Fig. 12 is
a visual representation of the training and prediction approach.

4.1. Plasticity model details

4.1.1. Model architecture for plasticity

For plasticity regime, a MLP with 5 fully connected dense layers is
applied to conduct regression analysis. The implementation was done
using TensorFlow (an open-source machine learning framework) in
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Fig. 12. Representation of the steps taken for training the MLP model using synthetic FEA data and making inferences on the experimental data.
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Python. A schematic of the plasticity MLP model is shown in Fig. 13.

e Input Layer: 25 neurons, corresponding to the 25 features of the
dataset.

e First Hidden Layer: 256 neurons with ReLU activation.

e Second Hidden Layer: 128 neurons with ReLU activation.

e Third Hidden Layer: 64 neurons with ReLU activation.

e Output Layer: 12 neurons with linear activation which represent the
12 stress values for the corresponding strain-temperature pair.

4.1.2. Training process

e Loss Function: Mean squared error (MSE) was used as the loss
function which represents the error in the predicted stresses.

e Optimization: The Adam optimizer was employed with an initial
learning rate 0.01.

e Hyperparameters: The model was trained for 300 epochs with a
batch size of 32 and a validation split of 20%.

e To ensure optimal model performance and prevent overfitting, a
checkpointing mechanism was implemented during training using
Keras’ ModelCheckpoint callback. This approach monitors the vali-
dation loss at the end of each epoch and automatically saves the
model weights whenever an improvement is observed. This strategy
guarantees that the best-performing model on the validation set is
retained for subsequent evaluation and prevents the model to over-
train on the training set.

4.1.3. Evaluation metrics

The model’s performance was evaluated using Mean Absolute Error
(MAE) and Mean Absolute Percentage Error (MAPE). The validation
MAE and MAPE for the best model are 1.996 MPa and 0.69% respec-
tively. The training loss and the validation loss for the 300 epochs are
shown in Fig. 14.

4.2. Data preparation for plasticity model

The full-field strain-contour on MAPS sample (Fig. 5 and Fig. 6) show
that there are 12 highly strained regions on the sample. The other re-
gions on the test sample accumulate purely elastic or significantly low
plastic strains. To demonstrate the effectiveness of the testing approach,
we utilized the average strains inside 1 mm diameter circle (as explained
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Fig. 14. Training loss and validation loss per epoch for plasticity MLP model.

in Section 3.2) from only the 12 most highly strained locations shown in
Fig. 10.

4.2.1. Training data

The training data was generated by running multiple FE simulations
of the MAPS sample by changing the material properties and tempera-
ture boundary conditions. The model was trained on FE generated
synthetic MAPS data for 12 distinct materials. The stress—strain curves
for the 6 aluminum alloys (AA2024-T3, AA3003-H14, AA5052,
AA6061-T6, AA6063-T6, AA7075-T6) and 6 steel variants (17-4PH-
H900, C10, C40, SS304, SS316, SS430) are shown in Fig. 15. The 12
materials were selected to cover a wide range of properties exhibited by
the aluminum and steel families. The alloys differ in yield strength, ul-
timate strength and hardening behavior (slope). It is noteworthy that the
alloys exhibit very distinct degradation in response to rise in tempera-
ture, especially in the range of 200 °C — 300 °C. The property degra-
dation in aluminum is much severe compared to the steels for the similar
temperature range. In addition to the true stress-plastic strain curves, a
table of the temperature vs. Young’s modulus and Poisson’s ratio was
also provided as an input to the FE simulations.
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Fig. 13. Architecture of Plasticity MLP model for predicting true stress—strain curves.
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Fig. 15. True stress-plastic strain curves as an input to the MAPS FE model for generating the synthetic training data.

A total of 16 simulations at varying peak temperatures (25 °C, undeformed stage to a final displacement of 10 mm for aluminum alloys

100 °C, 150 °C, 200 °C, 250 °C, 300 °C, 325 °C, 350 °C, 375 °C, 400 °C, and 407 timesteps/16 mm for steels. This resulted in 287 or 407 data
425 °C, 450 °C, 475 °C, 500 °C, 525 °C and 550 °C) were performed per pairs for each simulation. Each data pair extracted from FEA consisted of
material. The data was extracted for 287 simulation timesteps from 13 features (6 temperatures, 6 effective strains and global force).

10
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4.2.2. Physics-informed feature engineering

We utilized the understanding of the physical behavior of metals and
mechanical testing to enhance the original features of the collected FE
data.

Since the FE model was a half-symmetry model, the exported data
contained only 6 highly strained regions (assumed as right half of the
sample). Although the MAPS test sample is designed to have mirror
symmetry, some variation in temperature, strains and stresses is ex-
pected during real testing due to the influence of material in-
homogeneity, sample manufacturing variations, and measurement
errors.

4.2.3. Noise injection and mirror symmetry

The knowledge of error observed in DIC static noise floor and IR
measurements was used to inject artificial noise in the FE dataset by
introducing a random error in the range (-5 °C to 5 °C) to the tem-
perature, and a random error of (0 to 0.001 strains) to the effective
strains. The FE data with induced error was labelled as the data for left
half of the sample. This approach increased the number of features to 25
(12 temperatures, 12 effective strains and global force). Additionally, it
brought he synthetic FE data closer to the real-world conditions, thereby
enhancing the robustness of the ML model.

The MAPS test sample is designed to have plane stress, which results
in same stresses on the two faces of the test sample. This behavior along
with mirror symmetry was leveraged by adding the mirrored pair of
each data point, thereby doubling the sample size. This resulted in 574
data pairs from each aluminum simulation, and a total of 9,184 data
pairs for each aluminum alloy. Similarly, there were 13,024 data pairs
for each steel.

The global force from the FE simulations corresponded to deforma-
tion in half the test sample of thickness 4 mm. The global force in the
sample is linearly related to the thickness of the test sample. This un-
derstanding of the physical behavior was used to normalize the global
force with the sample material thickness and then doubled to represent
the actual force which will be observed in testing a full MAPS sample of
thickness 1 mm.

In its final form, the input data consisted of 25 features — 12 strains,
12 temperatures and 1 global force with a sample size of 133,312. The
output features consisted of 12 equivalent stresses.
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4.2.4. Data preprocessing and scaling

The input data features contain strains which lie in the range of 0 to
1, temperature which lies in the range of 25 to 550 and the output
feature stress lies in the range of 0 to 1500. To ensure that each feature
contributes equally to the model, the data was normalized using Stan-
dard scaler by removing the mean and scaling to unit variance.

4.3. Elasticity model details

4.3.1. Model architecture for elasticity

For elastic property prediction, a MLP with 4 fully connected dense
layers is applied to conduct regression analysis. The implementation was
done using TensorFlow (an open-source machine learning framework)
in Python. A schematic of the elasticity MLP model is shown in Fig. 16.

e Input Layer: 7 neurons, corresponding to the 7 features of the
dataset.

o First Hidden Layer: 128 neurons with ReLU activation.

e Second Hidden Layer: 64 neurons with ReLU activation.

e Output Layer: 6 neurons with linear activation which represent the
6 Young’s modulus values for the corresponding temperatures.

4.3.2. Training process and evaluation metrics

The training process and evaluation metrics were similar to the
plasticity MLP model. The elasticity model’s performance was also
evaluated using Mean Absolute Error (MAE) and Mean Absolute Per-
centage Error (MAPE) where the validation MAE and MAPE for the best
model are 2.04 GPa and 1.02% respectively.

4.4. Data preparation for elasticity model

The input vector for the elasticity model consisted of 6 temperatures
from either the left or right halves of the MAPS sample, and slope of the
Force-Displacement curve in the linear elastic region. The displacement
(in mm) was measured over a 35 mm long 2-point extensometer drawn
over the MAPS sample. A Python script was developed to automatically
detect the onset of non-linearity in the force-displacement curve. To
characterize the linear region, the slope was computed within the force
range of 150 N to 50% of the force at the identified onset of non-
linearity. This slope was then normalized by the sample thickness
prior to being passed to the ML pipeline.
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Fig. 16. MLP architecture for modeling the elastic modulus.
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The output vector consists of 6 Young’s modulus values. For the
training dataset, the values were calculated using the ground truth data.

4.4.1. Training data

The 6 temperatures and slope from each FE simulation constituted
one data point for the training set. There were 16 data pairs for each
material variant, resulting in a total of 384 data pairs for the left and
right half of 192 simulations of 12 materials.

4.4.2. Data preprocessing and scaling

To ensure that each feature of the input vector contributes equally to
the model irrespective of their absolute value, the data was normalized
using Standard scaler by removing the mean and scaling to unit
variance.

4.5. Post processing

The plasticity ML model predicts equivalent stresses for each of the
12 strain-temperature pairs, and the elasticity model predicts the
Young’s modulus values for those temperatures. Since there could be
overlapping temperatures in two or more tests, the predicted data for a
few temperatures is duplicated across multiple samples, providing
redundancy in the measurements. This feature ensures repeatability in
test measurements without the need to perform repeated tests at the
same temperature.

The stress—strain data and temperature-Young’s modulus data pre-
dicted by the two ML models from the set of samples tested at different
temperatures is consolidated and then grouped by temperature, with the
temperatures rounded to the nearest multiple of 25 °C. For example:
temperatures from 87.5 °C to 112.4 °C would be rounded to 100 °C.
Then an average and standard deviation is calculated per temperature.
This method helps in simplifying the data analysis by reducing the
number of distinct temperature values, grouping the predicted data for
all the test samples and making it easier to identify trends and calculate
uncertainty in the prediction. The predicted stress—strain curves and
Young’s modulus values are not fit to any constitutive model and left as
point clouds to show the predicted output in its truest form.
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5. Results

To assess the generalization of the proposed ML models, we imple-
mented a two-fold validation scheme. First, we performed a one-
material hold-out study where the model was trained on all material
except one and then evaluated on the excluded material. Second, we
validated the model performance over real experimental data for 1
aluminum and 3 steel alloys and compared the model output with
ground truth stress—strain curves. This experimental validation provides
a rigorous test of the model’s predictive accuracy under real-world
conditions and across distinct material classes.

5.1. One-material hold-out study

The first step in the evaluation of the ML model was to understand its
ability to generalize for unseen material variants. The study involved
training the model on all materials except one and subsequently eval-
uating its performance on the material that was left out.

For quantifying the predictive accuracy of the ML model in the one-
material hold-out study, we report the Mean Absolute Percentage Error
(MAPE) for each held-out material. MAPE provides an intuitive measure
of error, particularly useful for comparing performance across different
materials, as it normalizes the error relative to the magnitude of the
stresses for individual material variants. The results of the one-material
hold-out study for both the models are shown in Fig. 17.

5.1.1. Plasticity MLP model

In general, the MAPE values for all the steels are lower than 5%
except for 17-4PH-H900, and the MAPE for all the aluminum alloys is
lower than 10% except for AA3003-H14. A closer examination of the
mechanical properties shown in Fig. 15 reveals that AA3003-H14
(MAPE 15%) corresponds to the lowest magnitude of stresses in the
dataset, while 17-4PH-H900 (MAPE 8%) represents the highest. These
are the materials that lie at the extreme ends of the property distribution
in the training set. Overall, the model performs exceptionally well when
interpolating within the range of stresses observed in the training data
but shows a slight decline in accuracy when extrapolating beyond the
stress range in the training set.
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Fig. 17. Results of one-material hold-out study showing the MAPE for material variants.
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5.1.2. Elasticity MLP model

The Young’s modulus values for most of the cases lie within 5%
MAPE and within 10% MAPE for all the cases. The model performs
worse on the aluminum than steel.

In a nutshell, the models perform well in the one-material hold-out
study and the low MAPE values demonstrate the models’ ability to
generalize beyond the materials included in training. The study also
provides confidence that the models’ learned relationships are trans-
ferable across alloys from different families — aluminums and steels.

5.2. Experimental validation

The second step of validation involves using real experimental data
from MAPS tests and using it to predict stress strain curves and elastic
modulus from the ML models. The elastic and plastic mechanical
properties predicted by the MAPS approach were compared to the
elevated temperature stress-strain data obtained from conventional
dogbone tests. The validation was performed on 1 aluminum alloy and 3
steel variants: AA6061-T6 that is a popular aluminum alloy widely used
across several industries including aerospace, automotive, marine and
construction, Stainless steel 301-1/2 hard known for its high yield
strength and fatigue resistance, Stainless steel 304 which is one of the
most widely used stainless steels because of its excellent corrosion
resistance, low yield combined with significant strain hardening and
ductility and 15-5PH steel which is a precipitation-hardening martens-
itic stainless steel known for its high strength and toughness used in
high-performance applications. The chosen materials differ significantly
in their behavior and cover a wide range of properties.

5.2.1. AA6061-T6

The MAPS samples were waterjet cut from a 4.0 mm thick cold rolled
sheet of AA6061-T6 manufactured by Arconic, USA. 5 samples were
tested at heater temperatures 25 °C, 150 °C, 250 °C, 350 °C and 500 °C.
The synchronized strain, displacement data from the DIC, temperature
data from the IR camera and the force data from the load frame were
used to infer the stresses, elastic modulus from the ML models. The force
value was normalized for the sample thickness before taking inference
from the ML model.

The model output contains the stress-strain curves for every tem-
perature from 25 °C to 400 °C. Here we show the predicted stresses
(moving average) for specific temperatures and the envelope of standard
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deviation in Fig. 18. The ground truth curves used for comparing the
results were obtained from the Granta Materials database. The
literature-based ground truth properties used for validation may differ
slightly from those of the tested sheet. It is known that material prop-
erties can vary based on factors such as coil characteristics, thickness,
rolling process parameters, tempering process parameters, etc.

The true stress-plastic strain curves are within 10% of the ground
truth data for most of the temperatures and within 15% for the worst
case. The Young’s modulus values are well within 10% of the ground
truth values. The predicted stress-strain curves appear wavy as they are
not smoothened or fit to any constitutive model to show the predicted
output in its truest form.

5.2.2. §5301-1/2 hard

MAPS samples were waterjet cut from 2.6 mm thick rolled sheets of
S$S301-H12 manufactured by United Performance Metals, USA. 5 sam-
ples were tested at heater temperatures 25 °C, 150 °C, 250 °C, 350 °C,
450 °C and 600 °C. The test data was run through the ML pipeline and
stress—strain curves and elastic modulus were predicted. The ground
truth data for plastic regime was tested in-house using dogbone samples
on a conventional setup, whereas the ground truth elastic modulus was
obtained from Granta Material database. The comparison of the MAPS
results and ground truth data is shown in Fig. 19.

The model performs well on this material and the stress prediction
are within 5% of the ground truth data. The Young’s modulus pre-
dictions show a systematic bias, and all the predicted values are
underestimated by 12-15%.

5.2.3. 85304

MAPS samples were waterjet cut from 3.0 mm thick rolled sheets of
S$S304 manufactured by Outokumpu, USA. 4 samples were tested at
heater temperatures 25 °C, 250 °C, 450 °C and 600 °C. The test data was
run through the ML pipeline and stress-strain curves and elastic
modulus were predicted. The ground truth data for plastic regime was
tested in-house using dogbone samples on a conventional setup, whereas
the ground truth elastic modulus was obtained from Granta Material
database. The comparison of the MAPS results and ground truth data is
shown in Fig. 20.

The model predicted stresses lie within 10% of the ground truth data.
The Young’s modulus predictions follow the same trend and are in
general underestimated by 10-12%.
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Fig. 18. Stress-Strain curves and Young’s Modulus along with the standard deviation envelope predicted by ML model using MAPS experimental data, overlayed on

the ground truth data for AA6061-T6.
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Fig. 19. Stress-Strain curves and Young’s Modulus along with the standard deviation envelope predicted by ML model using MAPS experimental data, overlayed on

the ground truth data for SS301-1/2 Hard.
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Fig. 20. Stress-Strain curves and Young’s Modulus along with the standard deviation envelope predicted by ML model using MAPS experimental data, overlayed on

the ground truth data for SS304.

5.2.4. 15-5PH

MAPS samples were waterjet cut from 3.2 mm thick rolled sheets of
15-5PH stainless steel, procured from the vendor Grainger Industrial
Supply, USA (unknown manufacturer). 6 samples were tested at heater
temperatures 25 °C, 150 °C, 250 °C, 350 °C, 450 °C and 600 °C. The
comparison of the MAPS results and in-house tested dogbone samples on
a conventional setup is shown in Fig. 21.

The model predicted stresses lie within 5% of the ground truth data.
The Young’s modulus predictions are underestimated but lie within 10%
of the ground truth properties.

6. Discussion

The MAPS approach, as presented, demonstrates strong performance
across a wide range of aluminum and steel alloys. It effectively captures
material behavior and trends for previously unseen materials using
MAPS experimental data. The model achieves an average MAPE of under

14

10% for both plastic stress-strain curves and elastic modulus
predictions.

One of the biggest risks for the work was to get the strains from FEA
to match with experimental DIC strains. In the FE model verification at
room temperature shown in Section 3.2, we had observed a 6% average
error in DIC strains compared to the FE strains. While it is acknowledged
that strain measurement vs. FEA errors at elevated temperatures can
reach or even exceed 6%, the resulting error in stress predictions (which
is an accumulation of strain measurement error, misalignments, ML
modeling errors etc.) remains below 10%, as demonstrated in Section
5.2. This is primarily because stress values in the plastic regime are less
sensitive to small variations in strain. For example, if the true stress at
2% strain is 500 MPa, a measurement error resulting in 2.1% strain does
not proportionally increase the stress to 550 MPa. Thus, a 5% error in
strain typically translates to a smaller percentage error in stress, making
the stress predictions more reliable despite the inherent strain
uncertainties.
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Fig. 21. Stress-Strain curves and Young’s Modulus along with the standard deviation envelope predicted by ML model using MAPS experimental data, overlayed on

the ground truth data for 15-5PH.

Notably, even a simple MLP model yields promising results, under-
scoring the robustness of the MAPS methodology. To validate the
concept, we currently utilize only point cloud data from 12 regions of
the test sample. However, the MAPS test sample contains a full-field
strain contour, which holds significant potential for training more
advanced, image based neural networks and physics-informed machine
learning models. Incorporating such models—capable of leveraging full-
field data and physics-based loss functions—is expected to enhance
stress prediction accuracy. This direction will be explored further in
future work.

The approach is capable of generating mechanical properties over a
range of temperatures using only a few samples (4-6 MAPS samples) as
seen in the experimental validation, which is much faster and efficient
compared to conventional testing which involves testing multiple sam-
ples at discrete temperatures. Therefore, the MAPS approach offers a
rapid yet accurate method of determining mechanical properties at
elevated temperatures.

7. Conclusion

In this paper, we presented a novel testing approach for measuring
the temperature-dependent mechanical properties of metallic alloys.
The proposed testing approach uses a novel sample that works at the
intersection of state-of-the-art optical extensometry, full-field thermal
measurements and machine learning to predict temperature dependent
stress-strain curves. The technique involves full-field strain measure-
ments using stereo DIC and temperature measurements using an IR
camera. The test sample features easy mounting and testing on standard
testing load frame with wedge grips. The approach enables accurate
temperature-dependent mechanical property measurements while
simplifying the test approach and significantly dropping the quantity of
samples required for testing. The system provides a table of
temperature-dependent Young’s modulus and plastic stress-strain
curves (presented here as plots) which can be directly used as an input in
FE solvers.

To demonstrate the concept, we trained simple multi-layer percep-
tron (MLP) models using synthetic FE data and validated the perfor-
mance on real experimental data for 4 materials belonging to aluminum
and steel families. The MAPS testing methodology shows great potential
for evaluating the temperature-dependent properties of conventional as
well as novel alloys across material systems.
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