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ABSTRACT: Non-equibiaxial residual stresses are prevalent in engineering components such as welding, additive
manufacturing, and surface strengthening, making their accurate detection critical for ensuring structural integrity.
This paper proposes a novel method capable of simultaneously identifying two principal stress components (σ R

x , σ R
z )

using only an individual instrumented indentation. First, the normalized total indentation work variation Wnorm
and the residual indentation ellipticity λ are extracted as sensitive features from the indentation responses through
dimensional analysis. Subsequently, a finite element (FE) simulation database comprising 2400 datasets was established
to train three types of neural networks: the single-target approach (ST-MLP), the classical multi-output multi-layer
perceptron (MLP), and the parameter sharing-based deep network (DMTR). The outcomes of the training phase
indicate that the overall error of the DMTR model is less than 5%, while those of the MLP and ST-MLP models are
less than 7%. Furthermore, supplementary FE simulations were conducted on Al 7075, Al 2024, and Ti Grade 5 alloys
for validation, showing that the MLP and DMTR prediction errors across all models are controlled within 11%. Finally,
experimental validation was conducted on Al 7075 alloy and 18CrNiMo7-6 alloy cruciform specimens. The result is
the DMTR model maintains a prediction error within 30 MPa. This study provides a feasible path for the rapid on-site
detection of non-equibiaxial residual stress.

KEYWORDS: Non-equibiaxial residual stress; spherical indentation; machine learning

1 Introduction
Critical infrastructure and major public facilities, for instance nuclear power plants, railways, aircraft,

and marine vessels, are inevitably subjected to varying degrees of residual stress [1]. It is generally accepted
that compressive residual stress is beneficial, whereas tensile residual stress is detrimental [2]. However, resid-
ual stresses in engineering components often manifest in a non-equibiaxial state. This complexity renders
the traditional “tensile-harmful, compressive-beneficial” simplification inadequate, necessitating a rigorous
quantitative analysis based on the intensity, direction, and distribution of principal stresses. Consequently,
the precise prediction of such non-equibiaxial residual stresses is of paramount importance [3].
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Residual stress detection techniques can be broadly divided into mechanical and physical types [4–6].
Mechanical methods are destructive testing techniques, which mainly include the slitting method [7], hole-
drilling method [8], ion beam layer removal method [9], and ring core method [10]. In contrast, physical
methods are non-destructive testing techniques, encompassing X-ray diffraction [11], magnetic methods [12],
ultrasonic waves methods [13], and neutron diffraction [14]. However, mechanical methods struggle to
achieve in-situ non-destructive evaluation due to their irreversible destructiveness to components. Physical
methods, on the other hand, are often constrained by high equipment costs, stringent environmental
requirements, or limited spatial resolution. In contrast, the indentation method-by virtue of its unique
advantages of being minimally invasive and localized-effectively addresses the shortcomings of traditional
techniques, offering a novel avenue that balances testing convenience with measurement accuracy.

Bolshakov et al. [15,16] drawing upon Hertzian contact theory in elastic contact mechanics [17],
proved that the intrinsic hardness (H) and Young’s modulus (E) are insensitive to the applied stress.
Integrated with corresponding mechanical models, this method has been widely applied to identify
plasticity parameters [18–22], fracture parameters [23–25], and residual stresses [18,26,27]. Furthermore,
by incorporating advanced indentation characterization techniques, this methodology has been further
extended to evaluate the mechanical properties of heterogeneous materials [28,29]. For the characterization
of complex mechanical parameters such as non-equibiaxial residual stress, two indentation strategies
are employed: multi-indentation method using Knoop, Vickers, or wedge-shaped indenters, and single-
indentation method using spherical indenters.

Regarding multi-indentation detection methods, Han et al. [30], Choi et al. [31], and Rickhey et al. [32]
conducted indentation experiments using Knoop indenters on specimens with the same residual stress. They
observed that the load-depth (P-h) curves varied with the change of the direction of the indenter, indicating
that a strong correlation exists between the measured response and the angular position of the Knoop
probe relative to the stress field’s principal directions. Then, Kim et al. [33,34] quantified the magnitude
and direction of principal stresses by the evaluation of load deviations between prestressed and unstressed
specimens through four Knoop indentations performed at 45○ rotation intervals. Carlsson and Larsson [35]
developed closed-form expressions to quantitatively determine equibiaxial residual stresses via conical and
Vickers indentation, based on theoretical and FEM analysis. Furthermore, Ahn et al. [36] employed an
orthogonal wedge indentation method to find the direction of residual stress. However, Lee and Kwon [37]
pointed out that such methods necessitate multiple indentation tests, yielding regional average stress rather
than localized single-point stress. Moreover, these approaches are limited by their cumbersome operation
and relatively low testing efficiency.

Regarding the spherical indentation method, Shen et al. [38] discovered that the accumulation mor-
phology encircling the residual indentation is characterized by a lack of uniformity and established a residual
stress detection method. He et al. [39] simulated spherical indentation under non-equibiaxial residual
stresses using FEM, extracted full-field pile-up profiles, and summarized the height distribution laws. Zhang
et al. [40] observed that the residual impression manifests a distinct elliptical morphology under the impact
of non-equibiaxial residual stress, where the major-to-minor axis proportion is intrinsically linked to the
directional characteristics of the stress field. Peng et al. [41] introduced the spherical residual indentation
ellipticity, confirmed the difference-to-sum ratio of the major and minor axes, and utilized dimensional
analysis to construct a correlation model among material plastic parameters, loading curvature, ellipticity,
and non-equibiaxial residual stress.

In engineering practice, complex non-linear mapping relationships exist among material mechanical
properties, indentation responses, and multiaxial residual stresses. Traditional analytical or semi-empirical
formulas often struggle to accurately describe this interwoven multi-physical response process, frequently
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suffering from numerical instability and non-convergence during the solution. Currently, Machine Learning
(ML) has developed rapidly and achieved success in multiple fields [42]. Its powerful non-linear fitting
capability offers significant advantages in addressing complex mechanical problems and integrated modeling
in science and engineering [43–48]. Numerous scholars have successfully utilized the Artificial Neural
Networks (ANN), Support Vector Machines (SVM), and MLP to construct efficient predictive models.
These models bridge the gap between material indentation or scratch responses—such as hardness and P-h
curves—and internal elastoplastic parameters [49–53].

In the context of indentation-based residual stress detection, Salmani Ghanbari and Mahmoudi [54]
utilized the K-Nearest Neighbors (KNN) algorithm to establish an approach that reconstructs equibiaxial
residual stress and mechanical properties using only one indentation P-h curve. Park et al. [55] combined
Finite Element Method (FEM) and Convolutional Neural Networks (CNN) to develop a model that
simultaneously predicts metal plasticity parameters and non-equibiaxial surface residual stresses using
spherical indentation P-h curves and multi-directional height profiles, without requiring stress-free reference
specimens. Li et al. [56] integrated ANN with Particle Swarm Optimization (PSO) to establish an ANN
+ PSO + ANN model for characterizing equibiaxial residual stresses in materials. Furthermore, focusing
specifically on Vickers indenters, Moon et al. [57] utilized FEM and CNN to build a model for predicting
non-equibiaxial residual stresses directly from P-h curves.

Existing indentation-based stress evaluation models are primarily tailored for equibiaxial stress states;
however, in practical engineering components, residual stresses frequently exhibit distinct non-equibiaxial
characteristics. Although some studies have attempted to identify stress discrepancies in orthogonal direc-
tions by altering indenter geometries or increasing the number of indentations, these approaches not only
increase experimental complexity but also struggle to balance detection accuracy with versatility due to
the limited extraction of characteristic parameters [6]. In this work, a novel non-equibiaxial residual stress
detection technique that integrates machine learning with the spherical indentation method is proposed. This
approach requires only a single spherical indentation test. By extracting key features from the indentation
response-specifically the normalized total indentation work variation and the residual indentation ellipticity-
and leveraging machine learning models, the two orthogonal principal stress components (σ R

x , σ R
z ) can be

simultaneously inverted and determined. The work presented herein provides a practical and feasible new
solution for the rapid and convenient detection of non-equibiaxial residual stresses.

2 Experimental Details and Finite Element Model

2.1 Experimental Details
2.1.1 Uniaxial Tensile Test

Al 7075 alloy and 18CrNiMo7-6 alloy are selected as the experimental material. The gauge section was
60 mm long, 3 mm thick, and 30 mm2 in cross-sectional area. Using the MTS 809 Axial/Torsional Test
System to conduct uniaxial tensile tests. The loading process was displacement-controlled, with the tensile
tests conducted at a fixed strain rate of 1.6 × 10−3 s−1. Tests were replicated 3 times for the characterization of
the material’s plasticity parameters.

2.1.2 Spherical Indentation Test
As shown in Fig. 1, a cruciform specimen with an arm cross-section of 5 mm by 3 mm was utilized

along with a biaxial fixture to apply non-equibiaxial residual stresses. The specimen was polished using
sandpaper (200~1500 grit), followed by polishing with a polishing suspension. A Bruker NPFLEX 3D
profilometer was used to measure the surface roughness, yielding an average surface roughness of 57.41 nm.



4 Comput Mater Contin. 2026;89(2):19

Combined tensile and compressive loads were applied in mutually perpendicular directions via a nut and
screw mechanism. Two load sensors were used to record the applied loads in both directions in real time,
allowing for the quantitative application of pre-stresses, which were calculated by splitting the measured load
by the corresponding cross-sectional area.

(a) (b)

(c)

Figure 1: Spherical indentation experimental setup: (a) Overall experimental setup; (b) Specimen dimensions; (c) Pre-
stressing fixture.

A 0.8 mm radius tungsten carbide sphere served as the indenter, with the target displacement restricted
to 0.008 mm. This setup generated non-equibiaxial residual stresses within the intersection zone of the
cruciform specimen. Indentation tests were conducted on Al 7075 alloy and 18CrNiMo7-6 alloy specimens
under various stress states using a universal testing machine integrated with a contact-type displacement
sensor. For each testing condition, three replicate tests were performed. Both loading and unloading rates
were maintained at 0.001 mm/s, with a load holding time of 10 s.

2.1.3 X-Ray Diffraction Residual Stress Measurement
To provide a benchmark validation for the proposed indentation method, X-ray diffraction (XRD)

measurements were performed on the same batch of cruciform specimens using a Proto LXRD residual stress
analyzer equipped with a Cr Kα radiation source, as shown in Fig. 2. The pre-stressed cruciform specimens
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(Al 7075 and 18CrNiMo7-6) were fixed on a bespoke biaxial loading fixture to maintain the preset stress
states throughout the entire testing process. The fixture with the specimen was placed directly under the
diffractometer to ensure the test area was strictly consistent with the subsequent indentation test area. The
macroscopic residual stresses in the x and z directions were calculated based on the classical sin2ψ method
by collecting diffraction peaks at multiple discrete tilt angles. Each test condition was repeated three times
to ensure the statistical reliability of the measurement results.

Figure 2: Experimental setup for Proto LXRD diffractometer.

2.2 Finite Element Model
Considering the characteristics of the specimen and non-equibiaxial residual stresses, a 3D quarter-

symmetry FE model was developed in Abaqus, as shown in Fig. 3, to simulate the spherical indentation
process. Used as the indenter was a rigid sphere with a radius of 0.8 mm. The specimen dimensions are
2 mm × 2 mm × 2 mm, with an indentation depth of 0.008 mm and a friction coefficient set at 0.15. The
specimen was vertically constrained at its lower boundary, and axisymmetric restraints were imposed on the
symmetry planes. All degrees of freedom for the indenter were constrained except for the y-axis, allowing it
only to move upward or downward.

To balance numerical accuracy with computational cost, a locally densified mesh was implemented in
the vicinity of the contact zone, and a mesh convergence study was performed. Three different minimum
element sizes (0.005, 0.003, and 0.001 mm) were assigned within the intense deformation zone under the
indenter tip to evaluate the stabilization of the indentation load-displacement response. As demonstrated
by the P-h curves and the magnified view of the peak in Fig. 4, the relatively coarse mesh of 0.005 mm
overestimates the local material stiffness, leading to mesh non-convergence. However, when the element
size is refined to 0.003 mm, the curve asymptotically converges and becomes perfectly congruent with the
ultra-fine 0.001 mm mesh profile. Given that the relative error in peak load between the 0.003 and 0.001 mm
configurations is exceptionally small (well below 0.5%), 0.003 mm is definitively chosen as the optimal
minimum element size to balance robust grid-independence with computational efficiency. C3D8R (an 8-
node linear brick, reduced integration) elements were used for meshing, totaling 66,836 elements. Residual
stresses were uniformly applied along the x-axes and z-axes of the specimen as initial predefined fields.

To conduct machine learning training, a spherical indentation simulation dataset was established, as
shown in Table 1. A batch processing method was utilized for the calculations, involving 2400 FE simulations
calculations performed (6 × 10 × 8 × 5 × 1 × 1).
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Figure 3: FE simulation model of the spherical indentation specimen under non-equibiaxial residual stress.

Figure 4: Mesh convergence analysis.

Table 1: Ranges of indentation simulation parameters under non-equibiaxial residual stress.

Yield
Strain

εy

Dimensionless
Residual Stress
in x Direction

σ R
x /σy

Dimensionless
Residual Stress
in z Direction

σ R
z /σy

Strain
Hardening
Exponent

n

Young’s
Modulus

E/GPa

Poisson’s
Ratio

ν

Range 0.004~0.009 −0.9~0.9 −0.8~0.8* 0.1~0.5 100 0.3
Interval 0.001 0.2 0.2 0.1 – –

Total Cases 2400 cases

*Note: The zero-stress state is excluded.
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3 Dimensional Analysis and Machine Learning Models

3.1 Dimensional Analysis
3.1.1 Dimensional Analysis of Total Indentation Work

For the spherical indentation of a stress-free specimen, the total indentation work Wt0 shown in Fig. 5 is
determined by the following parameters: the specimen’s mechanical properties, including Young’s modulus E,
Poisson’s ratio ν, yield stress σy, and strain hardening exponent n; the indenter properties, including Young’s
modulus Ei, Poisson’s ratio νi, and radius R; and the maximum indent hm. The total indentation work for a
stress-free specimen is:

Wt0 = f1 (E , ν, σy, Ei , νi , R, hm) (1)

Figure 5: Schematic of total indentation work.

For the specimen with non-equibiaxial residual stresses, by introducing the orthogonal principal stress
components σ R

x and σ R
z in the x and z directions, the total indentation work Wt under stress shown in Fig. 5

is expressed as:

Wt = f1 (E , ν, σy, n, Ei , νi , R, hm, σ R
x , σ R

z ) (2)

Since the elastic modulus of the tungsten carbide indenter greatly surpassed that of the tested material,
the indenter was taken to be perfectly rigid. The ν is typically around 0.3, and its influence on the experimental
results is negligible [58]. Therefore, Eqs. (1) and (2) can be simplified as:

Wt0 = f1 (E , σy, n, R, hm) (3)
Wt = f1 (E , σy, n, R, hm, σ R

x , σ R
z ) (4)

By selecting E and R as the fundamental physical quantities, other variables with dimensions of length
and force are normalized. According to the principle of dimensional homogeneity, the residual stress terms
in the x and z directions are converted into dimensionless forms (σ R

x /σy, σ R
z /σy) by representing them as the

product of the proportion of residual stress to Young’s modulus (σ R
x /E, σ R

z /E) and the proportion of modulus
to yield strength (E/σy).

Through the aforementioned dimensional transformations, Eqs. (3) and (4) are rewritten as:

Wt0 = ER3Π0 (
σy

E
, n, hm

R
) (5)
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Wt = ER3Π(
σy

E
, n, hm

R
, σ R

x
σy

, σ R
z

σy
) (6)

From Eqs. (5) and (6), the normalized total indentation work variation Wnorm is:

Wnorm =
Wt −Wt0

Wt0
= Πw (

σy

E
, n, hm

R
, σ R

x
σy

, σ R
z

σy
) (7)

where the yield strain is εy = σy/E, and the ratio hm/R is fixed at 0.01 in this study, Eq. (7) can be further
simplified as:

Wnorm =
Wt −Wt0

Wt0
= Πw (εy, n, σ R

x
σy

, σ R
z

σy
) (8)

According to Eq. (8), Wnorm primarily depends on the plasticity parameters (εy, n) and the non-
equibiaxial residual stresses (σ R

x , σ R
z ).

3.1.2 Dimensional Analysis of Ellipticity
The ellipticity λ is a function of E, ν, σy, n, Ei, νi, R, hm, and the non-equibiaxial residual stresses (σ R

x , σ R
z ):

λ = f2 (E , ν, σy, n, Ei , νi , R, hm, σ R
x , σ R

z ) (9)

As with the dimensional analysis of the total indentation work, by selecting E and R as the fundamental
quantities and neglecting the influence of Ei, νi, and ν, and by adopting the forms of σ R

x /σy and σ R
z /σy, the

following expression can be obtained:

λ = Πλ (
σy

E
, n, hm

R
, σ R

x
σy

, σ R
z

σy
) (10)

Eq. (10) reduces to a simpler form by setting the normalized peak indentation depth, hm/R is taken as
0.01:

λ = Πλ (εy, n, σ R
x

σy
, σ R

z
σy
) (11)

According to Eq. (11), the residual indentation ellipticity primarily depends on the plasticity parameters
(εy, n) and the dimensionless non-equibiaxial residual stresses (σ R

x /σy, σ R
z /σy).

Through dimensional analysis, Eqs. (8) and (11) contact the non-equibiaxial residual stresses with
Wnorm, λ, and the plasticity parameters of the specimen. Consequently, a mapping model between these
parameters can be established, enabling the detection of non-equibiaxial residual stresses via machine
learning.

3.2 Construction of Neural Networks
In this work, three different neural network frameworks were selected: ST-MLP, MLP, and DMTR

based on parameter sharing. The architectures of these neural networks are illustrated in Fig. 6, and their
predictive performances were compared. As shown in Fig. 6a,b, both ST-MLP and MLP consist of three
types of network layers. The hidden layers can comprise multiple levels, with each level containing numerous
neurons. When employing the MLP, the output layer is composed of multiple neurons, with each neuron
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matching a specific output, thereby addressing multiple tasks simultaneously within a single model. When
each target is executed independently and the output layer contains only one neuron, the model is referred to
as ST-MLP. In Fig. 6c, the DMTR is composed of four sections. The category of hidden layers encompasses
both shared and task-specific (non-shared) components. The shared layers aim to extract target-agnostic
representations, whereas the non-shared layers capture target-specific features. If only shared hidden layers
are utilized, all parameters are shared, and the model effectively approximates an MLP.

(a)

(b)

(c)

Figure 6: Three neural network architectures: (a) ST-MLP; (b) MLP; (c) DMTR.
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Machine learning training was conducted on a dataset of 2400 indentation simulation cases under non-
equibiaxial residual stress. The data were randomly allocated to three groups: training (70%), validation
(15%), and testing (15%).

Four parameters, Wnorm, εy, n, and λ were used as input values. The two dimensionless residual stress
components σ R

x /σy and σ R
z /σy were defined as the output values:

{Input variables ∶ x = (x1 , x2, x3, x4) = (Wnorm, εy, n, λ)
Output variables ∶ y = (y1 , y2) = (σ R

x , σ R
z )

(12)

Choose ReLU as the activation function, the logarithm of the hyperbolic cosine (Log-Cosh) as the loss
function, and MAPE as the metric for the training of ST-MLP, MLP, and DMTR. Their expressions are as
follows:

f (x) =max (0, x) (13)

L (y, ŷ) =
N
∑
i=1

log (cosh (yi − ŷi)) (14)

MAPE = 1
N

N
∑
i=1
∣ ŷ(x)i − yi

yi
∣ (15)

Set the batch size to 300, and the number of iterations to 3000. Optuna was employed to search for the
optimal hyperparameters. The search ranges are presented in Table 2. For ST-MLP, MLP, and DMTR, the best
hyperparameter combinations were identified based on the MAPE values on the validation set after 10,000
iterations of hyperparameter combinations.

Table 2: Selection ranges for hyperparameters of ST-MLP, MLP, and DMTR.

ST-MLP MLP DMTR
Hidden layers [1, 25] [1, 25] –

No-shared layers – – [1, 10]
Shared layers – – [1, 15]

Neurons per hidden layer [4, 256]
Learning rate [1 × 10−6, 1 × 10−1]

Optimizer SGD, RMSprop, Adam

4 Results and Discussion

4.1 Finite Element Results
Fig. 7 illustrates the effects of εy, and n on Wnorm, and λ, as well as the influence of σ R

x /σy and σ R
z /σy on

these parameters. Fig. 7a,b presents the outcomes for non-equibiaxial indentation models with different εy
(from 0.004 to 0.009) and n (from 0.1 to 0.5), where σ R

x /σy is fixed at −0.9 and σ R
z /σy is fixed at 0.6. When the

residual stress remains constant, Wnorm, and λ decrease with the increase of εy, and n. In Fig. 7c,d, indentation
models with varying σ R

x /σy (from −0.9 to 0.9) and σ R
z /σy (from −0.8 to 0.8) were selected, with εy fixed at

0.004 and n at 0.1. When εy and n are held constant, Wnorm decreases as the residual stress increases, and λ
increases with the increase in the difference between σ R

x /σy and σ R
z /σy. As the residual stresses in the x and

z directions approach equality, λ approaches 0.
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(a) (b)

(c) (d)

Figure 7: Effects of material parameters on total indentation work and ellipticity: (a) Effects of εy and n on Wnorm with
fixed σ R

x /σy and σ R
z /σy; (b) Effects of εy and n on λ with fixed σ R

x /σy and σ R
z /σy; (c) Effects of σ R

x /σy and σ R
z /σy on Wnorm

with fixed εy and n; (d) Effects of σ R
x /σy and σ R

z /σy on λ with fixed εy and n.

4.2 Training Results of Machine Learning Models
Taking the DMTR as an example, the training process is shown in Fig. 8. The minimum MAPE value

was achieved at the 588th iteration, with an error of 3.50% on the validation set, demonstrating a good fitting
effect. Using the same method, the optimal hyperparameters for the three models were identified, and their
specific combinations are presented in Table 3.

The errors of the training, validation, and testing sets for the ST-MLP, MLP, and DMTR models
were calculated using FE simulations to evaluate the predictive capability of the optimal hyperparameters.
According to Table 4, the DMTR model performs better in the x direction, while both ST-MLP and DMTR
exhibit strong performance in the z direction. Overall, the DMTR model demonstrates the best performance.

To ensure statistical robustness and eliminate potential data bias, a 5-fold cross-validation (CV) scheme
was implemented. In addition to the MAPE, a comprehensive set of evaluation metrics was introduced to
systematically quantify the prediction accuracy, including the Coefficient of Determination (R2), Root Mean
Square Error (RMSE), and Mean Absolute Error (MAE). Table 5 compares the average 5-fold CV results
across different network architectures, demonstrating that the developed DMTR model achieves superior
accuracy and stability with extremely narrow standard deviation bands.
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Figure 8: Variation of MAPE on the validation set during DMTR hyperparameter optimization.

Table 3: Optimal hyperparameter combinations for ST-MLP, MLP, and DMTR.

ST-MLP MLP DMTR
σ R

x σ R
z

Hidden layers 4 5 5
Neurons per hidden layer 245, 256, 50, 103 246, 47, 132, 104, 114 140, 132, 201, 201, 52

Shared layers 2
Neurons per shared layer 141, 90

Non-shared layers 4, 3
First non-shared layer width 221, 164, 93, 16

Second non-shared layer width 91, 186, 240
Learning rate 4.479 × 10−3 4.480 × 10−3 8.444 × 10−3 6.165 × 10−3

Optimizer Adam

Table 4: Errors of ST-MLP, MLP, and DMTR models with optimal hyperparameters.

Model Training Error Validation
Error Testing Error Testing Error

of σ R
x

Testing Error
of σ R

z

ST-MLP 0.59% 2.44% 4.89% 4.89% –
1.30% 6.28% 4.07% – 4.07%

MLP 1.24% 2.90% 4.54% 3.24% 5.84%
DMTR 0.48% 3.50% 2.85% 1.50% 4.19%
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Table 5: K-fold cross-validation and comprehensive metrics.

ST-MLP MLP DMTR
σ R

x σ R
z

R2 0.975 0.869 0.940 0.947
RMSE (MPa) 25.55 76.70 45.50 42.19
MAE (MPa) 15.08 51.48 29.64 23.21

MAPE 13.58% 18.52% 14.99% 11.71%

Furthermore, to explicitly eliminate concerns regarding potential overfitting, the learning curves
representing the training vs. validation loss (LogCosh) convergence history were closely monitored up to
3000 epochs, as illustrated in Fig. 9. Both the training and validation losses exhibit a rapid, synchronized
initial descent and subsequently stabilize asymptotically. The validation loss strictly tracks the training loss
throughout the entire training process without any divergence, firmly confirming that the trained model
possesses excellent generalization capability and is free from overfitting.

Figure 9: Training curve of the DMTR model.

Further analysis was conducted on the error distributions of the three models on the testing set, as
illustrated in Fig. 10. A contrast between the three models reveals that, for the prediction of σ R

x and σ R
z , the

errors of the DMTR model are concentrated within a narrower range compared to those of the MLP and
ST-MLP models. This indicates that the DMTR model possesses higher accuracy and reliability in predicting
non-equibiaxial residual stresses, simultaneously verifying the rationality of the selected model parameters
and network architecture.

To unlock the “black-box” nature of the data-driven framework and verify its physical consistency,
model interpretability was established utilizing the SHAP (SHapley Additive exPlanations) approach. Fig. 11
displays the SHAP summary plots, which quantify the global feature importance and the corresponding
directional effects of input variables on the target outputs. It is evident that Wnorm and εy emerge as the
most decisive features governing the model’s predictions. This hierarchical importance perfectly aligns with
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classical elastoplastic contact mechanics, where the energy dissipation during the loading-unloading cycle
and the elastic-plastic transition threshold predominantly dictate the indentation response under residual
stress fields. Consequently, the SHAP analysis successfully provides a robust physical foundation for the
neural network, bridging the gap between data-driven mapping and empirical contact mechanics.

(a) (b)

Figure 10: Error distributions of ST-MLP, MLP, and DMTR on the testing set: (a) σ R
x ; (b) σ R

z .

(a)

(b)

Figure 11: SHapley Additive exPlanations analysis: (a) σ R
x ; (b) σ R

z .

To verify the effectiveness of the machine learning approach, both FE validation and experimental
validation methods were employed to validate the prediction results of the neural network model.
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4.3 Finite Element Validation
Additional indentation FE simulations were conducted in ABAQUS for three specific materials: Al 7075,

Al 2024, and Ti Grade 5. The input material parameters, obtained from Reference [40], are listed in Table 6,
with different residual stresses randomly assigned to each material. Upon completion of the simulations,
the ellipticity of the residual indentation and the total indentation work can be measured from the residual
indentation morphology and the P-h curves, respectively.

Table 6: Elastoplastic parameters of Al 7075, Al 2024, and Ti Grade 5 [40].

Material E (GPa) εy n
Ti Grade 5 120.5 0.007 0.08

Al 2024 72.91 0.005 0.17
Al 7075 70.81 0.006 0.07

The Wnorm, εy, n, and λ of the three materials were input into the ST-MLP, MLP, and DMTR models to
predict σ R

x and σ R
z . Fig. 12 displays the comparison between the predicted residual stresses obtained using the

optimal hyperparameter combinations of the three models and the pre-applied residual stresses. For the three
unknown materials and various stress conditions, the prediction deviations of the machine learning models
for σ R

x are generally within 60 MPa, and the prediction deviations for σ R
z are within 70 MPa. By calculating the

prediction errors of the three materials under the three models, the specific results are summarized in Table 7.
It is clearly evident that the prediction accuracy of the three models for the Ti Grade 5 material is much better
than that for the Al 7075 material. Furthermore, the predictive capabilities of the MLP and DMTR models
are slightly stronger than that of the ST-MLP model, with prediction errors generally remaining within 11%.

(a) (b)

Figure 12: Machine learning predictions for non-equibiaxial residual stresses: (a) σ R
x ; (b) σ R

z .

Among the three neural network models, both MLP and DMTR exhibit excellent predictive perfor-
mance. Combined with the training results, the DMTR model demonstrates superior performance. Its
architecture, which integrates shared and non-shared layers, effectively extracts common features while
learning task-specific characteristics, thereby enhancing the model’s learning capacity and generalization.
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On the testing set, the DMTR achieved the lowest prediction error (MAPE = 2.85%) with a more concen-
trated error distribution. Furthermore, it maintained a solid performance with errors less than 11% in the
predictions for Al 7075, Al 2024, and Ti Grade 5, verifying its reliability and applicability.

Table 7: Prediction errors for Al 7075, Al 2024, and Ti Grade 5.

Model Al 7075 Al 2024 Ti Grade 5

σ R
x σ R

z σ R
x σ R

z σ R
x σ R

z

ST-MLP 18.64% 9.38% 9.89% 4.27% 4.51% 6.00%
MLP 9.89% 4.29% 5.03% 4.59% 4.09% 3.65%

DMTR 10.99% 5.82% 8.00% 7.40% 4.04% 3.86%

4.4 Experimental Validation
4.4.1 Uniaxial Tensile Test Results

The true stress-strain curves of the material were obtained through uniaxial tensile tests, in Fig. 13.
Based on these curves, the power-law hardening constitutive model parameters and the elastic modulus were
fitted. For Al 7075, the E is 70.29 ± 3.14 GPa, the σy is 505.23 ± 11.52 MPa, and the n is 0.09 ± 0.002. For
18CrNiMo7-6, the E is 198.41 ± 3.72 GPa, the σy is 455.15 ± 12.96 MPa, and the n is 0.12 ± 0.002.

(a) (b)

Figure 13: True stress-strain curves from tensile tests: (a) Al 7075; (b) 18CrNiMo7-6.

4.4.2 Spherical Indentation Test Results and Validation
Fig. 14 shows the P-h curves and a typical indentation morphology from the spherical indentation

tests. Fig. 14a,b respectively shows the P-h curves of Al 7075 and 18CrNiMo7-6. In Fig. 14a, the rate of
load increase with indentation depth for the unstressed specimen is faster than that for the tensile-stressed
specimen. This suggests that residual tensile stress reduces the bearing capacity of the material under
indentation. For the compressive-stressed specimen (σ R

x = 43.64 MPa, σ R
z = −176.98 MPa), the load growth

rate is faster than that of the baseline specimen, demonstrating that residual compressive stress effectively
enhances the indentation bearing capacity of the material. Meanwhile, as the residual stress state changes,
the curves for different conditions exhibit a clear gradient distribution, indicating a distinct correlation
between the P-h response and the nature and level of residual stress. Furthermore, the residual indentation
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exhibits elliptical characteristics (Fig. 14c), which is the same as the results reported by Zhang et al. [40].
Using ellipticity and the change rate of total indentation work as input features offers advantages such as
clear physical significance and ease of measurement, providing stable and sensitive input signals for the
machine learning model. In Fig. 14d, the length of the indentation area in the x direction is approximately
0.23 mm, and the length in the z direction is about 0.2 mm, resulting in a residual morphology ellipticity of
approximately 0.13.

(a) (b)

(c) (d)

Figure 14: Experimental results: (a) P-h curves under different conditions of Al 7075; (b) P-h curves under different
conditions of 18CrNiMo7-6; (c) 3D morphology of the indentation; (d) Indentation characteristics in the x and z
directions.

Given the preceding analysis, the DMTR model demonstrates stable predictive performance for non-
equibiaxial residual stresses. Taking the total indentation work, yield strain, strain hardening exponent, and
residual morphology ellipticity from the indentation tests as input data, the prediction results are presented
in Table 8. It is evident that the predicted values of σ R

x and σ R
z obtained through machine learning are highly

consistent with the results applied by the pre-stressing fixture, with prediction errors remaining within
30 MPa. The accurate predictions for specimens under three different stress states demonstrate the feasibility
of the proposed machine learning-based indentation method for characterizing non-equibiaxial residual
stresses, providing a new approach for future residual stress testing.
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Table 8: Prediction results for Al 7075 and 18CrNiMo7-6 based on the DMTR model.

Material σ R
x_true (MPa) σ R

z_true (MPa) σ R
x_predict (MPa) σ R

z_predict (MPa) Δσ R
x (MPa) Δσ R

z (MPa)

Al 7075

125.74 −5.92 143.37 −4.51 −17.63 −1.41
43.64 −176.98 50.64 −156.28 −7.00 −20.7
163.46 35.06 148.67 43.90 14.79 −8.84
67.28 −53.54 84.21 −66.79 −16.93 13.25

286.46 242.92 314.13 215.96 −27.67 26.96

18CrNiMo7-6 249.36 201.25 270.17 178.13 20.81 −23.12
−196.53 −253.89 −183.49 −273.31 13.04 −19.42

4.4.3 XRD Test Results
The XRD measurement results under different pre-stress conditions are summarized in Table 9. It

can be observed that the measurement errors of the XRD method are within 35 MPa for both materials,
with standard deviations ranging from ±12.45 to ±37.70 MPa. In comparison, the DMTR model proposed
in this work achieves a prediction error within 30 MPa, exhibiting better accuracy and stability than the
conventional XRD method, which further validates the reliability of the proposed indentation method.

Table 9: XRD prediction results for Al 7075 and 18CrNiMo7-6.

Material σ R
x_true (MPa) σ R

z_true (MPa) σ R
x_XRD (MPa) σ R

z_XRD (MPa) Δσ R
x (MPa) Δσ R

z (MPa)

Al 7075 43.77 −184.35 34.36 ± 12.45 −161.47 ± 19.40 9.41 −22.88
63.41 −65.22 70.72 ± 16.26 −82.55 ± 18.35 −7.31 17.33

18CrNiMo7-6 253.84 206.23 280.13 ± 23.62 180.72 ± 26.25 −26.29 25.51
−212.35 −263.43 −241.18 ± 37.70 −298.41 ± 20.95 28.83 34.98

The validation of non-equibiaxial residual stresses in Al 7075 alloy and 18CrNiMo7-6 alloy confirms
the feasibility of the “single spherical indentation + DMTR model” approach for stress detection. This work
achieves dual-axis stress measurement through a single indentation. Compared to the Knoop indentation
scheme requiring four rotations, this method significantly enhances detection efficiency and minimizes
material damage while maintaining high precision. Furthermore, by integrating both Wnorm and λ, the pro-
posed method offers a more comprehensive characterization of the stress state than traditional approaches
using only a single load curve or morphological feature. This spherical indentation method acquires two
stress components simultaneously in one step, making it user-friendly, minimally invasive, and ideal for rapid
on-site testing. The sensitivity and ease of measurement of the residual indentation ellipticity and the change
rate of total indentation work provide stable and robust input features for the machine learning model.

Overall, the DMTR model, with its architecture combining shared and non-shared layers, effectively
learns both common information and task-specific characteristics from input features, thereby surpassing
traditional MLP and ST-MLP models in predictive accuracy. This finding corroborates the conclusions of
Zhang et al. [51] regarding the superior performance of DMTR in scratch tests, indicating that the parameter-
sharing mechanism offers universal advantages in multi-output mechanical inversion problems.

Although the methodology proposed in this study performs well in characterizing non-equibiaxial
stress states, the framework assumes a localized uniformity of the stress field, meaning that the steep
residual stress gradients along the depth profile may introduce prediction errors. Furthermore, the model
is constructed based on macro continuum mechanics principles, without explicitly accounting for the
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heterogeneity of localized microstructures. Therefore, rigorous validation remains necessary for scenarios
that exceed the predefined parameter ranges. Precision is also constrained by physical idealizations including
the continuum constitutive law and ideal indenter shape, alongside experimental factors such as equipment
alignment and surface conditions. To this end, subsequent research could focus on constructing more
extensive multi-material and multi-stress databases to enhance model universality and exploring in-situ
online monitoring technologies integrated with multi-modal information fusion to further expand the
applicability and reliability of this method in complex engineering service environments. Further, upcoming
works will combine indentation with micro-focused miniature hole-drilling coupled with digital image
correlation (DIC), and SEM/EBSD characterization to evaluate residual stresses.

5 Conclusions
In this work, a residual stress detection method that integrates spherical indentation technology with

deep learning algorithms is proposed. This method enables accurate modeling of the mapping relationship
between indentation responses and non-equibiaxial residual stresses. The main results are as follows:

(1) The training and validation errors of the ST-MLP, MLP, and DMTR models are all within 7%, and their
prediction errors for the MLP and DMTR are all less than 11%.

(2) In the experimental validation, the DMTR model achieves a residual stress prediction error below
30 MPa on Al 7075 and 18CrNiMo7-6, demonstrating superior predictive accuracy and robust
generalization capability.
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